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Abstract

The paper describes a system that uses large language model
(LLM) technology to support automatic learning of new en-
tries in an intelligent agent’s semantic lexicon. The process is
bootstrapped by an existing non-toy lexicon and a natural lan-
guage generator that converts formal, ontologically-grounded
representations of meaning into natural language sentences.
The learning method involves a sequence of LLM requests
and includes an automatic quality control step. To date, this
learning method has been applied to learning multiword ex-
pressions whose meanings are equivalent to those of tran-
sitive verbs in the agent’s lexicon. The experiment demon-
strates the benefits of a hybrid learning architecture that in-
tegrates knowledge-based methods and resources with both
traditional data analytics and LLMs.

Introduction and Motivation
Content-centric computational cognitive modeling (Niren-
burg, McShane, and English 2020) stresses the importance
of static knowledge resources as core components of cog-
nitive architectures. To make cognitive agent systems de-
ployable in real-world applications, they must be supported
on vast amounts of knowledge about the world, about lan-
guage, about themselves, and about other agents. It is no-
toriously difficult to acquire such knowledge in amounts –
and at the quality level – necessary to deploy AI members of
human-AI teams performing real-world tasks. As the devel-
opment of such agents is the main goal of our R&D team,
knowledge acquisition has been a central concern for a long
time (Monarch and Nirenburg 1988; Viegas and Nirenburg
1995, 1996; McShane and Nirenburg 2021; Nirenburg, Kr-
ishnaswamy, and McShane 2023). The general goal is to
make knowledge acquisition less expensive over time by
progressively automating it using any method or combina-
tion of methods that look promising. Our early efforts con-
centrated on data analytics support ergonomics of manual
acquisition (Wilks and Nirenburg 1995) . Once our team de-
veloped a reliable system for semantic and pragmatic anal-
ysis of text and acquired a non-toy set of knowledge re-
sources to support it, we started experimenting with using
the system itself to bootstrap an automatic learning process
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through learning by reading (Nirenburg, Oates, and English
2007) and dialog with a human (Nirenburg and Wood 2017)
. This paper reports on one of our first experiments on using
large language models (LLMs) to support the next step in
automating knowledge acquisition for cognitive agents.

Large Language Models (LLMs), based on the trans-
former architecture (Vaswani et al. 2017), are crafted to em-
ulate human-like responses by computing the best continu-
ations (similar to dialog turns) for textual prompts provided
by humans on the basis of training on vast amounts of stored
text. LLMs excel in generating the next word in a sentence,
and they neither understand what they are doing nor why.
As a result, there are issues with deploying them in appli-
cations requiring trust based on explainability. Nevertheless,
while LLM-oriented AI researchers are addressing this is-
sue, LLMs can already be made useful as a tool, and the
experiment we are describing is an example of such use.
The experiment targets the automatic expansion of our ar-
chitecture’s semantic lexicon that links words and construc-
tions in natural language with their semantic and pragmatic
meanings represented as elements of a formal ontology (Mc-
Shane and Nirenburg 2021).1 Our current English lexicon
contains about 30,000 words and construction senses that are
interpreted using an ontology of about 9,000 concepts. Each
concept is characterized by an average of 16 properties. The
present ontology uses about 350 of these properties that have
the status of axioms.

The experiment was devoted to learning the senses of
verbs. A typical lexicon entry for a verb is illustrated in
Figure 1. The SEM-STRUC zone of the entry refers to the
underlying ontological concept and provides constraints on
the verb’s case roles – it’s AGENT, THEME, BENEFICIARY,
etc., as appropriate. Additionally, Figure 1 also presents the
ontological entry for HIRE, the concept supplying the basic
meaning of employ-v3. The goal of our experimental set-
up is to expand the system’s static knowledge resources by
automatically learning other ways of expressing in English
the meanings of verbal senses, such as employ-v3. This task
cannot be carried out with confidence by using thesauri or
WordNets because their offerings are too imprecise and do

1In reality, lexicon entries contain more information, including
a variety of dynamic meaning procedures that must be run to deter-
mine meanings of particular lexical units in context.
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A lexicon entry (much simplified) for 
the third verbal sense of employ: 
 
employ-v3 
Example the company employs three janitors 
SYN-STRUC  v-trans 

SUBJ   $var1 
ROOT  $var0 
DOBJ  $var2 

SEM-STRUC 
     HIRE 

AGENT  ^$var1 
BENEFICIARY ^$var2 
 

The ontological entry for the concept HIRE 
(much simplified): 
 
HIRE 
IS-A @MANAGE-PERSONNEL 
AGENT  

DEFAULT @MANAGERIAL-ROLE 
 SEM   @HUMAN 
BENEFICIARY 
 DEFAULT @HUMAN 
 SEM   @ORGANIZATION 
 
 
  

 
Figure 1: A sample lexicon entry and ontological concept

not conform to the ”seed” word either semantically or (espe-
cially for verbs) syntactically. 2 The general LLM-supported
learning procedure we used in this experiment consists of
five steps described below.

Step 1: Select a seed verb sense from the lexicon. Using
the SEM-STRUC zone of this sense, construct a semanti-
cally correct statement in the ontological metalanguage
using ontological constraints on the verb sense’s case
roles listed in the entry or in the ontology. For example,
the AGENT of HIRE (which is the ontological concept
expressing the meaning of EMPLOY-V3) is constrained
to MANAGERIAL-ROLE, while its THEME is constrained
to HUMAN3. So, the resulting general template will be
HIRE (MANAGERIAL-ROLE, HUMAN).

Step 2: Use the above template to automatically construct
a set of sample generation-oriented meaning represen-
tations (GMRs) that substitute lexicon entries whose

2For a detailed discussion of why existing dictionaries, thesauri
and wordnets cannot be used as resources for automating knowl-
edge acquisition, see Chapter 3 of McShane et al. forthcoming.

3This is a simplification, as the lexicon and ontology feature
multiple layers of constraints. We use the grain size of description
sufficient to explain the experimental procedure.

A lexicon entry (much simplified) for 
the eleventh verbal sense of go  
represen:ng the MWE go a%er: 
 
go-v11 
Example the cops went a%er the criminal 
SYN-STRUC  v-trans 

SUBJ   $var1 
ROOT  $var0 
PREP-PART $var2 (root a%er) 
DObj    $var3 

SEM-STRUC 
     PURSUE 

AGENT  ^$var1 
THEME  ^$var3 
^$var2 null-sem+ 

 

Figure 2: An MWE (phrasal verb) entry.

meanings directly reference the constraints in the tem-
plate. An example of such a GMR would be employ-v3
(manager-1, actor-1). It conforms to the semantic con-
straints on HIRE because the meaning of manager-1 is
MANAGERIAL-ROLE, and that of actor-1 is HUMAN. In
our experiment, these GMR sets were constrained in size
to reduce the compute requirements.

Step 3: Use the text generator module of our agent system
to generate English sentences from the above GMRs.
The resulting set of sentences is our best bet to convey
the meaning of the seed verb to an analogical reasoning
engine such as an LLM (without much additional train-
ing LLMs will not be able to operate over formal mean-
ing representations such as the GMRs). This method of
explaining lexical meaning is what people usually use,
though people, of course, can both use analogical rea-
soning and invoke world knowledge in interpreting novel
lexical material.

Step 4: Use an LLM to generate a list of multiword ex-
pressions (MWEs – typically, verbs with postpositions,
e.g., bring in) semantically equivalent to the seed verb
sense whose contextual meaning is illustrated by the set
of sentences generated in step 3. Details of this process
form the core of this paper’s content and are detailed in
Section below.

Step 5: Construct a new lexical sense for each of the
MWEs output from Step 4. This is done by ”cloning”
the sense of the seed verb (see Figure 2 for an exam-
ple), adding the requirement for the presence of the lexi-
cal material other than the main verb to the SYN-STRUC
zone of the newly learned entry (the postposition after in
the example) and modifying the SEM-STRUC zone of the
entry by including the instruction that this ”extra” lex-
ical material does not carry any semantic weight when
appearing in this MWE (marked as null-sem+). A sam-
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pling of sentences generated for validation purposes in
Step 4 is listed in the EXAMPLE zone of the new entry.
(As a side effect, a sample of the sentences generated
in Step 3 is added to the EXAMPLE zone of the en-
try of the seed verb sense.) The new lexical senses are
marked as ”learned”. The agent is still free to use them
but may consider them less reliable when scoring TMR
candidates during future agent processing. The intention
is for a knowledge engineer at some point to inspect –
and possibly edit – these learned senses before removing
the ”learned”. marking. The level of human involvement
in this kind of validation incurs significantly lower cog-
nitive loads than manual lexicon acquisition, thus mak-
ing the entire process less expensive and much more ef-
ficient.

Adapting LLMs for Conceptual Learning
The first issue in adapting LLMs for use in conceptual learn-
ing for cognitive agents is devising the most appropriate
prompting architecture. Prompts serve as adjustable param-
eters that fine-tune the language models to yield desired out-
puts for specific tasks. In plain words, it is not enough to
supply the LLMs with the output of the previous stage of
the learning process, even if measures are taken to represent
that output in natural language rather than a formal metalan-
guage that LLMs will not be able to interpret. We need to tell
the LLMs what we want them to do. Many strategies have
been proposed for designing LLM prompts and prompting
architectures (Zhou et al. 2022). It has been shown that
composing a single optimal prompt can be both challenging
and ineffective, especially considering that LLM behavior
is unpredictable. One proposed improvement is the “chain
of thought” prompting approach (Wei et al. 2022), which in-
volves simplifying complex prompts by breaking them down
into a series of manageable intermediate steps. This tech-
nique also allows for dynamic adaptation of process flows
based on the outputs at intermediate stages (Yao et al. 2022)
and risk mitigation through validation.

Constructing single monolithic prompts with placehold-
ers for the seed verb sense and sentences generated in step
3 might seem to offer a simpler approach to prompting the
LLM. For example, a prompt could be as simple as “In the
context of the text, generate phrasal verbs that could replace
the seed. Also, provide a contextually accurate example for
the substituted phrasal verb.” However, when tested using
both GPT-3.5 and GPT-4 (Radford et al. 2019), this approach
proved ineffective: LLMs returned inadequate results. This
prompt template proved too complex, as it contained multi-
ple instructions and potential ambiguity due to insufficient
detail. To improve the quality of LLM output, we enhanced
the prompting architecture with “prompt catalysts” (see Fig-
ure 3): a) using prompt template sequences and b) embed-
ding analytics obtained from reliable data sources (Santu
and Feng 2023).

Our approach to prompt engineering facilitates convey-
ing the semantics of the seed verb sense to an analogical
reasoning engine, such as an LLM, as precisely as possible
without the use of formal metalanguage. For the experiment
we describe, we designed a prompt template chain (Figure

seed

Prompt 
Generator

Prompt 
Templates

Data 
Analytics

Prompt Catalysts

Model Responses Quality Control

prompt chain loop

Response 
Database

Lexical 
Senses GMRs Text LLM Sense 

Cloning

seed

Search

1 2 3 4 5

LLM

Figure 3: A schematic view of the LLM-Supported knowl-
edge acquisition framework for language-endowed cogni-
tive agents. The process is “seeded” with a word sense as
input. Next, the knowledge-based language processor gen-
erates a set of semantically correct seed sentences contain-
ing that word sense. The seeds are incorporated into a chain
of prompts to an LLM whose responses (in this experiment,
MWEs and sample sentences containing them) are validated
by asking the LLM itself to assess whether the semantics of
the results it produces correspond to that of the seed word
in the sense illustrated by the seed sentences. An alterna-
tive validation method substitutes sentences attested in the
COCA corpus for sample sentences generated by LLMs.

3) consisting of a base generic prompt template followed by
three templates with placeholders for specific input data to
support to support three substeps of Step 4 in the overall
learning process: 1) a template for generating synonymous
MWEs, 2) a template for generating sentences with these
MWEs needed for validation and 3) a template for validation
proper. The template chain we constructed effectively fol-
lows the chain of thought prompting approach (Wei 2022).
Each prompt in the chain is sent as input to the LLM (we
used the GPT-3.5 APIs from Open AI for this experiment).
The LLM response to each prompt is then embedded in the
subsequent prompts in the chain, which is necessary because
LLMs lack memory of their prior processing.

The primary function of the base prompt is to present a
particular task to the LLM and explain its role in completing
that task. The base prompt does not include any placeholders
for data. For instance, in the current experiment, the base
prompt involves a simple role assignment, as illustrated in
Figure 4.

The MWE generation substep of Step 4 of the learning
process requires the seed verb and the set of sentences (the
output of Stage 3 of the learning process) as placeholders for
the prompt template. At the validation substep, the LLM is
asked to assess the quality of its own results from the gen-
eration substep. LLMs do this essentially by comparing the
“gold standard” sentences generated in Step 3 of the learn-
ing process to illustrate the meaning of the seed verb sense
against sentences containing the MWEs it generated at the
previous substep. So, following the chain of thought method,
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COCA    
corpus

Seed:Employ
Text: “A leader 
employed a human.”

Query
“You are an expert in 
English. You will be 
given instructions, and 
you should follow 
them.”

Base Prompt
“Give a list of two-word phrasal 
verbs that replaces the word 
‘employ’ in the sentence ‘A 
leader employed a human.’”

Chain Prompt -1
MWEs:bring in, 
hire on, take on

Response - 1

Examples: In the context of the 
word ‘employ’ used in the sentence 
‘A leader employed a human’, give 
example sentences that use the 
phrasal verbs ‘bring in’, ‘hire on’, 
‘take on’ with sentences 
concatenated starting, ending and 
delimited by || ”

Chain Prompt - 2
“||A  leader brought in a new 
employee. || We are looking 
to hire on additional staff for 
the busy season. || The 
company decided to take on 
additional staff for the busy 
season||”

Response - 2

For each MWE and Example:
“Does the phrasal verb {mwe} in the 
sentence {sent} have the same 
meaning as the word  ‘employ’ in the 
sentence “A leader employed a 
human.” Respond with a True or
False”

Validation Prompt sense 
cloning

1.Verb form generation.
2. Search through the corpus.

Analytics
“They are more likely to bring in one of these picture’s 
chromolithographs rather than a painted picture.||
If children are involved , then bring in a health 
professional used to dealing with children ||
The faculty decline is , in particular , in the humanities , 
which bring in almost no outside income.”

Response - 2

path 1

path 2

Figure 4: An example of the learner operation illustrating the generation of MWEs synonymous with the seed verb and two
methods of generating sample sentences for use in the validation step: Path 1 illustrates the use of LLMs while Path 2 illustrates
the use of the COCA corpus for this purpose. In every iteration of the experiment, only one of the two paths is selected for
sentence generation, with its results then forwarded to the validation step. A different LLM may be used for each of the three
applications of LLMs in this process, should this option prove beneficial.

the prompt for the validation substep incorporates a) the con-
tent of all the upstream prompts, b) the content of the re-
sponse from the MWE generation substep, and c) a set of
sentences containing each of the MWEs in this response.
So, before validation can be triggered, an intermediate sub-
step devoted to deriving the set of sentences in c) above is
required.

How should we go about generating this set of sentences?
We implemented two approaches (labeled as “paths” in Fig-
ure 4): a) using the LLM itself to generate the set and or
b) using data analytics to conduct a search in a text corpus
for sentences containing the MWEs suggested by the LLM
at the MWE generation substep. The LLM approach, as al-
ways, involved prompting the model with the cumulative
prompt incorporating the latest response and the upstream
prompts. The analytics approach used the COCA corpus
(Davies 2008) and seeded the search with the set of all the
morphological forms of the main verb in the MWE. In our
experimentation, results from one or the other of the meth-
ods were used intermittently as inputs to the downstream
validation step.

In the LLM path (Path 1), additional filtering proved to
be necessary to filter out irrelevant sentences from LLM-
generated responses, specifically, sentences the LLM gener-
ated to shape its response as a dialog turn, as it was trained
to simulate a behavior of a conversational companion. Fig-
ure 4 provides an illustration. For our purposes, the LLM
response should ideally consist exclusively of sample sen-
tence candidates separated by the ’||’ tag. However, LLMs
(GPTs 3.5 in this case) generates extraneous material. To fil-
ter out such material, our system looks for the content sep-
arated by a specific tag (‘||’). In most cases, the elements of
the response that do not begin with a tag carry extraneous
material.

In the analytics path (Path 2), the COCA search is pre-
ceded by using the NLTK libraries to generate all morpho-
logical forms of the main verb in the MWEs – e.g., look up,
looks up, looking up, looked up. Note that for both of the
above methods, we have the ability to generate or select sen-
tences where the MWE components are discontinuous. So,

WORD: measure
TEXT: An actor measured a matter.
LLM RESPONSE:
”I apologize for the confusion. Here are several
example sentences illustrating the use of the phrasal
verb ‘take stock’: || Let’s take stock of our inventory
before placing the order. || After a long day at work, I
like to take stock of my accomplishments||”
FILTERED RESPONSE (candidates):
• Let’s take stock of our inventory before placing the

order.
• After a long day at work, I like to take stock of my

accomplishments.

Figure 5: An example showing filtering applied to LLM re-
sponse in path 1. Here the excessive text that is in red was
removed and the sentences delimited by ‘||’

for example, the sentence ”The puppy managed to run, sud-
denly, off towards the park could” be found for the MWE
”run off.”

The filtering process described above is part of the sen-
tence generation substep of Step 4 of the overall process and
differs from the validation substep. The former targets irrel-
evant sentences while the latter carries out a more seman-
tically meaningful task: it filters out sentences that contain
the MWEs used in a sense different from that of the seed
verb sense. Figures 6 and 7 illustrate some results of validat-
ing the results of the operation of each of the two sentence
generation methods (Path 1 and Path 2). Thus, in Figure 7
the MWE bring in in the sense illustrated by the sentence
”The government is looking to bring in stricter regulations
to protect the environment” was not validated as carrying
the same meaning as the seed verb sense (employ-v3) whose
meaning is illustrated by the seed text A leader employed a
human generated at Step 3 of the overall learning process.
As a result, the MWE bring in was eliminated from the list
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INITIAL PROMPT PARAMETERS
→WORD: guess
→TEXT: A human being guessed a factor.
RESPONSE-1
→MWEs:

[figure out, take a shot, take a stab, work out]
PATH 1 RESPONSE

FILTERED CANDIDATE SENTENCES
(Subset for take a shot )

• The detective took a shot at who might be the
main suspect based on the available clues.
• She took a shot at persuading her parents to let
her go on the trip with her friends.
• Despite having no experience in cooking, he took
a shot at preparing a gourmet meal for his guests.

VALIDATION RESPONSE
The detective took a shot at who
might be the main suspect based on the
available clues.

PATH 2 RESPONSE
FILTERED CANDIDATE SENTENCES

(Subset for take a shot )

• I took a camera , I took a shot
• Somewhere in there , he took a shot at the
Olympics.
• So I took a shot, got lucky.

VALIDATION RESPONSE
So I took a shot, got lucky.

Figure 6: Example 1 showing MWEs generated for the seed
word guess and the context text input from step 3. The ex-
ample shows candidate sentences for the take a shot MWE
obtained from paths 1 and 2 and their corresponding valida-
tion responses.

of candidates.
Once the automatic validation of the newly learned set of

MWEs is completed, the learning process advances to Step
5 of the overall learning algorithm, as depicted in Figure 3.

Discussion
We view the experiment described in this paper as an early
step in a multifaceted R&D effort on using LLMs to support
automatic learning by language-endowed AI agents. We in-
tend this learning environment to integrate all and all and any
methods and resources that can be shown to contribute to the
task. The experiment reported here demonstrates a method
that integrates LLMs and data analytics with knowledge-
oriented methods and resources in a truly hybrid architec-
ture.

The system developed for the experiment we describe
does not yet make use of an important capability our agent
systems possess – the ability to extract and represent in an
ontologically-motivated metalanguage the set of semantic

INITIAL PROMPT PARAMETERS
→WORD: employ
→TEXT: A leader employed a human.
RESPONSE-1
→MWEs:

[bring in, hire on, take on]
PATH 1 RESPONSE

FILTERED CANDIDATE SENTENCES
(Subset for bring in )

• The zoo plans to bring in a pair of rare pandas to
attract more visitors.
• The school decided to bring in a motivational
speaker to inspire the students.
• The government is looking to bring in stricter
regulations to protect the environment.
• A leader brought in a new employee.

VALIDATION RESPONSE

• The school decided to bring in a motivational
speaker to inspire the students.

• A leader brought in a new employee

PATH 2 RESPONSE
FILTERED CANDIDATE SENTENCES

(Subset for bring in )

• Bring in an expert.
• Mason fiddled with the dial, trying to bring in the
station.
• Amy gets up to help her and the two of them
bring in the salad plates.

VALIDATION RESPONSE
Bring in an expert.

Figure 7: Example 2 showing MWEs generated for the seed
word employ and the context text input from step 3. The ex-
ample shows candidate sentences for the bring in MWE ob-
tained from paths 1 and 2 and their corresponding validation
responses.

and discourse/pragmatic meanings of a text. We have ex-
perimented with using this capability for learning in the past
(e.g., English and Nirenburg 2010), and we intend to incor-
porate it in the learning environment described here. This
program of work may seem to aim at autonomous learning.
But in fact we view our learning environment as an orthotic
system (Nirenburg 2017) that expects human participation in
several roles, notably as an instructor in a dialog set-up and
as a knowledge engineer responsible for tuning up and main-
taining the system. Indeed, when our system is deployed and
starts regular operation, the MWE (and, later, other) lexical
senses added to the lexicon as a result of the learning process
we describe here can – and will – be vetted by knowledge
engineers.

Our team’s experimentation on the integration of
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knowledge-based methods with LLMs is not restricted to
learning applications. Our agents use LLMs, for example,
at a final step of text generation to select the most contex-
tually appropriate of the candidate English sentences gener-
ated by the agent’s text generator from formal representa-
tions of the meaning of the message that must be conveyed.
While all of the options from which the LLM is asked to
choose are semantically and syntactically correct, the LLM
has been shown to select the most appropriate one stylisti-
cally and contextually, thus obviating the need to develop a
conceptual system module for this purpose.

Future Work
At the time of writing, we are testing the learning process
we described on the content of our agent’s lexicon. At the
symposium, we will present the results of an evaluation of
the utility of this method when applied to all 1,153 senses of
transitive verbs in the our system’s current lexicon. We are
also planning to extend the learning environment to address
other types of lexical material, such as learning single-word
(not MWE) true synonyms for transitive verbs, intransitive
verbs and other parts of speech. Learning new and improv-
ing existing ontological concepts will be tackled next.

The overall learning process will itself be enhanced and
improved. For example, in creating GMRs in Step 2 of the
process we have not yet used ontological descendants of the
concepts constraining the meanings of the seed verb sense’s
subject and direct object. We intend to experiment with this
option in the immediate future.

Other planned extensions include using the learning envi-
ronment to carry out “inverted” on-the-fly learning as an ap-
proach to treating unexpected input during the agent’s regu-
lar operation: semantically true paraphrases for an unknown
verb in a textual input can be generated using the method
presented in this paper, in hopes that at least some of the
paraphrases the system will find are already attested in the
lexicon. For example, if the word buff is not in the system’s
lexicon, but our LLM-supported learning process suggests
an existing sense of polish as having the same meaning, this
will yield a double bonus of a) the system succeeding in gen-
erating a meaning representation for the sentence containing
buff using the content of the lexicon entry for polish and b)
the side effect of creating a lexicon entry for buff on the fly.
This kind of learning is known as opportunistic (e.g., Mc-
Shane et al., forthcoming, Chapter 6) .

The same operation can also be implemented as part of
deliberate learning, a mode in which the agent does not carry
out any other tasks. This requires a preliminary step of de-
tecting lexicon units not present in the lexicon that are can-
didates for learning. Finally, we intend to investigate how to
go beyond synonymy in this approach to learning and learn
near-synonyms (plesionyms) as well as hypo- and hyper-
nyms and other lexical units related to a seed lexicon sense.

In our current implementation, we used pre-trained
LLMs. Training LLMs for specific tasks related to learning
by cognitive agents is an additional avenue for future devel-
opment. The LLMs we use are trained on text. We intend to
experiment with training them on a mixture of text and text
meaning representations (TMRs) generated and used by our

agent systems. The prerequisite for this is generating large
stores of TMRs. This effort is at already underway in our
research team.
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