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ARTICLE INFO ABSTRACT

Keywords: The startling success of ChatGPT and other large language models (LLMs) using transformer-based generative
Artificial intelligence neural network architecture in applications such as natural language processing and image synthesis has many
Large language model researchers excited about potential opportunities in process systems engineering (PSE). The almost human-like
Knowledge graph

. e . performance of LLMs in these areas is indeed very impressive, surprising, and a major breakthrough. Their
I]\D/I(;Tli::li Ziifilrclglanguage processing capabilities are very useful in certain tasks, such as writing first drafts of documents, code writing assistance,
Hybrid AT text summarization, etc. However, their success is limited in highly scientific domains as they cannot yet

reason, plan, or explain due to their lack of in-depth mechanistic domain knowledge. This is a problem in
domains such as chemical engineering as they are governed by fundamental laws of physics and chemistry
(and biology), constitutive relations, and highly technical knowledge about materials, processes, and systems.
Although purely data-driven machine learning has its immediate uses, the long-term success of Al in scientific
and engineering domains would depend on developing hybrid Al systems that combine first principles and
technical knowledge effectively. We call these hybrid Al systems Large Knowledge Models (LKMs), as they will
not be limited to only NLP-based techniques or NLP-like applications. In this paper, we discuss the challenges
and opportunities in developing such systems in chemical engineering.

1. Introduction unsupervised learning from a vast corpus of text data, allowing the
model to grasp a wide range of language patterns, styles, and infor-

In recent years, the formidable combination of large data sets, mation. The massive scale of LLMs is the defining feature. For example,
new machine learning (ML) algorithms and architectures, and powerful GPT-3 (Generative Pre-trained Transformer-3) developed by Open AI —

hardware has led to the birth of large language models (LLMs), such  yhich is the model behind the chatbot ChatGPT — has over 175 billion
as ChatGPT (Brown et al., 2020), LLaMA (Touvron et al., 2023a,b;

Al@Meta, 2024), and Gemini (formerly, Bard) (Team et al., 2023),
which have been surprisingly successful in applications such as natu-
ral language processing (NLP) and tasks mimicking natural language
understanding (NLU). These models are characterized by their vast
number of parameters, deep learning capabilities, and extensive train-

parameters and requires approximately 570 GB of filtered text data to
train. This immense scale allows the model to develop a broad and
nuanced “understanding” of language and context, though it also raises
challenges in terms of computational resources and potential biases in
the training data. It turns out that what Nobel Laureate Philip Anderson

ing data, which enable them to generate human-like text, comprehend said (Anderson, 1972) more than 50 years ago in the context of physics
complex instructions, and even perform creative tasks. In simple terms, is valid in Al as well: “More is different”, indeed!

LLMs are highly sophisticated autocomplete engines that learn to cap- LLMs seem to be good at certain applications, such as writing drafts,
ture conditional probabilistic associations among data elements (called coding assistance, summarizing, translating, and answering questions.
tokens) at a massive scale. Although language models are an old idea Despite their capabilities, LLMs face several limitations. They can gen-
from the 1980s, it is their recent avatar as LLMs that has caught erate misleading or biased information, relying on the data on which
everyone’s attention. they were trained (Bender et al., 2021). Moreover, ethical consider-

LLMs are based on the transformer architecture introduced by
Vaswani et al. in their seminal paper (Vaswani et al., 2017). This
architecture enables the model to handle sequential data and under-
stand the context in a more flexible and efficient manner compared
to previous models, such as recurrent neural networks (RNNs) or long
short-term memory (LSTM) networks. The training process involves

ations about consent, privacy, and misuse of generated content also
plague these systems. This was most recently exemplified by the law-
suit filed by The New York Times against OpenAl and Microsoft for
copyright infringement in December 2023, in which The New York
Times claimed that millions of their articles were used to train Al
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systems, which are now viewed as a comparable source of informa-
tion (Grynbaum and Mac, 2023-12-27). In addition to such concerns,
the sciences and engineering domains pose other challenges. LLMs
are perhaps appropriate for domains such as NLP, where there are
no conservation laws or first-principles-based knowledge to leverage.
All relevant knowledge is in the data. Therefore, purely probability-
based autocomplete techniques are appropriate and successful in these
applications.

However, domains such as chemical engineering are governed by
the fundamental laws of physics and chemistry (and biology), consti-
tutive relations, and highly technical knowledge about materials, pro-
cesses, and systems (Venkatasubramanian, 2019b; Venkatasubramanian
and Mann, 2022). Not using such a treasure trove of information seems
not only inefficient, but also can lead to results that are unsafe. The
cost of a mistake in movie and restaurant recommendations made using
autocomplete-like guesses is not very high; maybe one loses a couple of
hours and a few hundred dollars. However, guessing the wrong decision
about the process could lead to potentially dangerous results. Although
purely data-driven machine learning has immediate uses, we believe
that the long-term success of Al in scientific and engineering domains
would depend on the use of first principles and technical knowledge
effectively. Current LLMs cannot reason or plan, as they lack such in-
depth models of their domains. ChatGPT hallucinations are perhaps
interesting, perhaps even amusing, in certain applications, but they can
be potentially dangerous in highly technical domains such as chemical
engineering.

Furthermore, many chemical engineering applications are not “big
data”. We certainly have access to more data now than we did, say, a
decade ago. But unlike vision, NLP, and game playing, we cannot easily
generate terabytes of data, except perhaps in computer simulations.
So, purely data-driven techniques mimicked from such domains are
not appropriate. On the other hand, our knowledge of first principles
can be leveraged and exploited to reduce the need for large amounts
of data. Therefore, developing hybrid AI models is more appropriate
for many chemical engineering applications (Venkatasubramanian and
Mann, 2022; Mann and Venkatasubramanian, 2021; Mann et al., 2022,
2023a,b, 2024; Chakraborty et al., 2021, 2020). The importance of
using domain knowledge has become evident even in non-technical
areas for LLMs. For example, ChatGPT uses human experts’ guidance
in the last stages of its training as reinforcement learning using human
feedback (RLHF). Although this is a step in the right direction, much
more needs to be done before the scientific and engineering domains
can rely on these tools to solve problems.

In this perspective article, we discuss the history of language mod-
els, progress in state-of-the-art systems, and their applications in a few
areas. We also highlight the benefits accrued from the use of a hybrid
Al approach (Chakraborty et al., 2022) in conjunction with LLMs for
a few application domains. Finally, we conclude by suggesting some
opportunities for work in the near term in this rapidly evolving field.

2. Evolution of language models

The recent developments in the domain of large language models
(LLMs) are groundbreaking in their impact on nearly every aspect of
human life. To get a better sense of all this, it is useful to review
the early stages of the advances that have enabled such astounding
progress. In this section, we present the chronology of language models
in three parts by splitting the timeline approximately based on the
progress made, acknowledging the capabilities and limitations of that
period.

2.1. Early years: The symbolic Al approach — 1950-1990
In the early part of AI's formative history, the predominant ap-

proach for knowledge modeling was based on symbolic logic, such as
the use of heuristic rules in expert systems, which yielded the name
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of that era as symbolic AL This is in contrast with recent developments
that are more data-driven, i.e., numeric AI, or machine learning (ML) as
we know it today.

The fact that language models are not novelties that have emerged
only recently during the neural network phase of Al might seem sur-
prising. The conceptualization of chatbot-like systems was made in
the 1950s by the computing pioneer Alan Turing, as proposed in his
groundbreaking article (Turing, 1950) describing the Turing test. This
was quickly followed by the first forays into developing a chatbot,
in the format we now know of, named ELIZA (Weizenbaum, 1966).
Created nearly six decades ago, it is strikingly similar to the chatbots
of today in many ways. Its key algorithm relies on scanning the user’s
input text for any keywords, followed by presenting the output text
according to a rule related to the keyword(s) identified. If a keyword
is not found, then either a context-free statement or a previous output
is generated. The progress of early language models in the symbolic AI
era is presented in Fig. 1.

It is interesting to note that these rules are not specific to any task
or subject and can be modified based on the end-user’s application.
ELIZA laid the foundation for the development of future chatbots by
addressing challenges that must be overcome to advance the field. One
such aspect highlighted was the need for such a conversational pro-
gram to be capable of storing information obtained through its inputs.
Subsequently, an information retrieval algorithm would be necessary to
improve its conversational capabilities. In addition, such a tool should
be able to make inferences based on the input received. This would
enable it to interpret and store contextual information described in
earlier input(s). These are characteristics that enable the state-of-the-art
chatbots today to present themselves as human-like.

Although ELIZA presented the first conversational program, it had
drawbacks such as its inability to parse the grammar and semantics of
its language of use, lack of storage of information received during its
input-output interactions, and absence of domain-specific information.
In an attempt to address these shortcomings, SHRDLU (Winograd,
1971) was created in 1970. It relied on propositional logic, and seman-
tic parsing of grammar rules to provide more flexibility to a conversa-
tional program in its learning. This would result in a more human-like
interaction with the user. As a proof-of-concept, SHRDLU operated as
if the user had been conversing with a one-eyed robot with a hand
capable of interacting with blocks on a table. This interaction between
the user, the robot, and the blocks in this environment demonstrates a
deeper understanding of the subject than earlier systems.

Other systems based on the progress of that time were PARRY (Colby
et al, 1971), a program that responded as if it were a paranoid
schizophrenic. The output of the program was created to be a function
of its input, beliefs, affects, and intentions (Colby, 1974). It remains one
of the first programs capable of dialogue generation. There have been
intriguing conversations between PARRY (as the patient) and ELIZA
(as the psychotherapist), which remain one of the few instances of
interactions between computers in entirely natural language.

With the increasing success of previous language models,
the Hearsay-II Speech Understanding System (Erman et al., 1980)
was developed to convert speech to text that a computer program
can communicate with. Its innovation came from a hierarchical struc-
ture in its organization of linguistic knowledge, which significantly
facilitated information retrieval compared to its contemporaries. The
system represented an early effort to integrate probabilistic modeling
into language processing, utilizing a blend of rule-based and statistical
techniques.

It is particularly interesting to note that efforts towards a hybrid
approach towards language models and Al in general are not new. Sev-
eral of the problems that are being addressed today were conceptually
formalized in the 1980s and 1990s. Cyc (Lenat et al., 1985; Lenat and
Marcus, 2023), a natural language system developed by Douglas Lenat
nearly four decades ago, is one such tool. Today, it includes over 10
million logic rules coupled with a reasoning engine that is capable
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Fig. 1. Progress of early language models, as research transitions from a logic-based approach to statistical-based approach. In chronological order: ELIZA (Weizenbaum, 1966),
SHRDLU (Winograd, 1971), PARRY (Colby et al., 1971), HEARSAY (Erman et al., 1980), and CYC (Lenat et al., 1985).

of making inferences. It uses a knowledge graph-like representation
with more than 1100 specialized reasoning modules. Dr. Lenat was
once quoted as saying, “Intelligence is ten million rules”. (Lenat and
Feigenbaum, 1991; Lenat, 1988) This is what his project, Cyc, has now
acquired, and it is capable of combining human-like natural language
understanding with complex scenarios.

2.2. The data-driven statistical approach — 1990-2017

Despite the efforts of numerous researchers in NLP at the time,
the complexities of natural language posed a barrier that required a
radically different approach to overcome it, one that can learn from vast
amounts of text without the need to be overly prescriptive in its design.
With the availability of more data and computational power, largely
due to Moore’s law, data-driven statistical techniques made learning
from textual sources considerably easier, and more computationally
efficient.

One of the first endeavors in statistical language modeling was the
use of N-grams (the 1980s), which, combined with Hidden Markov
Models (HMMs), led to considerable improvement in a variety of
subdomains in NLP such as part-of-speech tagging, speech synthesis,
and machine translation. The Viterbi algorithm (Viterbi, 1967) was
adopted to decode the most likely sequence of hidden states in HMMs,
improving the accuracy of NLP systems. These were followed by statisti-
cal methods, which combined information-theoretic approaches. These
paved the way for the eventual application of ML-based approaches
such as support vector machines (SVMs) in the early 2000s. Such im-
provements led to significant improvements in accuracy on a multitude
of NLP tasks.

The growing number of datasets made available to the research
community during this time further catalyzed the growth of statistics-
based approaches for NLP tasks. The large-scale annotated corpora,
Penn Treebank for English (Marcus et al., 1993), revolutionized the
field by providing researchers with standardized datasets to train and
evaluate statistical models. These enabled researchers to explore more
sophisticated statistical techniques. Soon, the earlier methods of logic-
based and rule-based systems would not be able to scale up on these
larger datasets.

With the rediscovery of the backpropagation algorithm in 1986
(Rumelhart et al., 1986), the application of neural networks to nat-
ural language tasks began to take off. With the continued growth
in computational speed and availability of more data than before,
several application-specific variants of NNs were proposed. Recurrent
neural networks (RNNs) were becoming popular because of their ability
to understand the temporal aspect of data, making them ideal for

processing sequential data as found in NLP. Improvements in con-
ventional RNNs were the use of long-short-term-memory (LSTM) net-
works (Hochreiter and Schmidhuber, 1997; Gers and Schmidhuber,
2001), which emerged as powerful models tailored for sequential data
processing. The LSTM models addressed the vanishing gradient prob-
lem of RNNs, and were able to account for long-range dependencies,
both drawbacks of the conventional RNN architecture. They soon be-
came state-of-the-art models, surpassing their contemporary statistical
model counterparts.

2.3. The transformer revolution — 2017-present

The introduction of the transformer architecture (Vaswani et al.,
2017) was a watershed moment for the field of NLP, which has since led
to stunning progress. A major weakness of previous language models
was the inability to retain information from the first elements of a
sequence, which was lost when new elements were incorporated into
the sequence.

There are 2 blocks in a transformer architecture: the encoder and
decoder. The encoder consists of a series of identical layers with each
having 2 sub-layers. The first sub-layer performs self-attention, fol-
lowed by the second sub-layer which is a fully connected feed-forward
neural network. The purpose of the encoder block is to derive a contex-
tual representation of the input sequence. The output from the encoder
is a vectorized embedding of each item from its input and accounts
for its context within the sequence as a result of the self-attention
mechanism. This enables the output from the encoder to account for
long-range dependencies within a sequence - a significant improvement
over prior architectures such as RNNs and LSTM networks. The output
of the encoder block serves as the input for the decoder.

The decoder block consists of self-attention, encoder—decoder atten-
tion, and feed-forward neural network. The decoder in a transformer
model can use the output embedding obtained from the encoder along
with the decoder’s outputs to “generate” the next item in the sequence
in an autoregressive manner — using the previous output of the decoder
as the input for the next item in the sequence — by accounting for
relevant context and its own output. Instead of relying on the con-
ventional practice of paying attention only to the last state of the
encoder, as is typically done with RNNs, each step of the decoder in
the transformer architecture examines all the states of the encoder. This
approach enables the decoder to access information pertaining to all
elements of the input sequence. This is the strength of state-of-the-art
generative pre-trained transformer (GPT) models.

This innovation revolutionized text processing and allowed lan-
guage models to transition to large language models (LLMs). This can be
visualized with the increase in the size of the datasets used for training
and the number of parameters in the model, depicted in Fig. 2.
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Fig. 2. The rapid increase in the size of LLMs. In chronological order: BERT (Devlin et al.,

et al., 2022), GPT-4 (Achiam et al., 2023). Note the exponential increase in the number of
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2018), GPT-2 (Radford et al., 2019), GPT-3 (Brown et al., 2020), LaMDA (Thoppilan
parameters over a few years.

Table 1
The rapid increase in the size of training data used by GPT models by OpenAl. M - million; B — billion; GB - gigabytes.
Year GPT version Number of parameters (approximate) Training corpus size (approximate)
2018 GPT-1 117 M 4.5 GB
2019 GPT-2 1.5B 40 GB
2020 GPT-3 175 B 570 GB
2.3.1. ChatGPT 2.3.3. Training procedure

In November 2022, OpenAl released ChatGPT, a chatbot that is
capable of conversing with a user in a natural language similar to that
of a human (Brown et al., 2020). Additionally, it is able to follow
instructions based on user prompts, and as a result, it can perform a
wide range of tasks — from writing prose and helping solve homework
problems to writing code indistinguishable from that written by a
professional programmer. It was a landmark moment for LLMs, since its
meteoric rise to several million users in a matter of weeks trumped that
of any social media platform in human history. This also opened several
public discussions on the boons (and banes) of such technologies.

The key improvement in ChatGPT (alternatively, GPT-3/3.5), in
contrast to its predecessors, is the fine-tuning approach applied to make
ChatGPT more conversational in its usage. This fine-tuning procedure
is based on a combination of supervised learning (with labeled data),
and reinforcement learning with human feedback (RLHF) (Christiano
et al., 2017).

2.3.2. Training data

Since 2018, the number of parameters for each successive GPT
model trained has increased exponentially, with a similar increase in
the size of the training data (see Table 1). From the conventional
ML perspective, this can be viewed as a way to combat the curse of
dimensionality. Based on performance, the increase in parameters and
training data has yielded more human-like characteristics to the outputs
of these models.

Trained on a record-setting 570 GB of training data, GPT-3/3.5
is a successor to previous generative pre-trained transformer (GPT)
models, namely GPT-1 (Radford et al.,, 2018) (2018), followed by
GPT-2 (Radford et al., 2019) (2019).

Training for ChatGPT is performed in 3 stages by building on the
capabilities of InstructGPT (Ouyang et al., 2022).

Stage 1: Generative pre-training. In the first stage, the model is trained
on the training data using conventional NLP techniques such as masked
language modeling (MLM), where a portion of the known output is
masked, and the goal of the trained model is to predict the same. As
exemplified by BERT (Devlin et al., 2018), this approach creates a
baseline model that is capable of text summarization, translation, and
sentiment analysis tasks, among others.

Stage 2: Supervised fine-tuning. Text summarization, translation, and
sentiment analysis are one-shot tasks where an input is provided and
the model produces an output. Beyond this task, the baseline model is
fairly inept at having a conversation with a human on a particular topic,
which was the goal of such a chatbot. As a result, it was necessary to
fine-tune the baseline model into a supervised fine-tuned (SFT) model,
for conversational purposes.

This second stage of training involved humans who created a super-
vised (labeled) dataset of expected (i.e., considered ideal) responses for
a set of inputs. These human labelers wrote an appropriate response to
the input prompts, to which the baseline model was fine-tuned using
stochastic gradient descent (SGD). This is a parameter optimization
technique where the dataset is split into multiple smaller batches
(mini-batch), and a mini-batch is randomly/stochastically chosen to
calculate the gradient of the cost function. The parameters get updated
subsequently, and this process is repeated until either a pre-specified
value of the cost function is reached, or a pre-specified number of
iterations have elapsed, whereby the optimization is terminated. Hav-
ing obtained a SFT model, one still runs the risk of dealing with an
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Open-source LLMs are not lagging behind their commercially successful counterparts. K — thousand; M — million; B — billion; T - trillion; GB - gigabyte; TB — terabyte.

Year GPT version Number of parameters Training corpus size (approximate) Number of tokens
(approximate)
2022 BLOOM (Scao et al., 2022) 176 B 1.6 TB 350 B
2023 Llama (Touvron et al., 65 B - 14T
2023a)
2023 Llama 2 (Touvron et al., 70 B - 2T
2023b)
2023 StableLM (A.L, 2023) 3B&78B 825 GB (Gao et al., 2020) 15T
2023 Pythia (Biderman et al., 70 M - 12 B 825 GB (Gao et al., 2020) 300-334 B
2023)
2023 Dolly 2.0 (Conover et al., 12 B Fine-tuned on 15 K human-generated Based on Pythia (Biderman
2023) prompt/response pairs et al., 2023)
2023 Alpaca (Taori et al., 2023) 7B Fine-tuned on 52K Fine-tuned from Llama 7B
instruction-following data (Touvron et al., 2023a)
2023 Vicuna (Chiang et al., 13 B Fine-tuned on 70K user-shared Fine-tuned from Llama
2023) conversations gathered from (Touvron et al., 2023a)
ShareGPT.com with public APIs
2024 DBRX (Team, 2024) 132 B Pretrained on 12 T tokens of pretrained on 12 T tokens of
carefully curated data, and a text and code data
maximum context length of 32k
tokens
2024 Llama 3 (Al@Meta, 2024) 8B &80B - 15T

overtrained model, where the output merely reflects its memorization
of the training dataset. This limitation could significantly narrow the
scope of application, and diminish the model’s efficacy, akin to that of
a lookup table.

Stage 3: Reinforcement learning with human feedback (RLHF). In order to
address this, a third and final stage of the training involved the use of
reinforcement learning (RL), where the model’s outputs are rewarded
or penalized by learning to provide outputs that maximize reward(s).
The vanilla implementation of RL (without any modifications) would
require a reward function — which is not ideal for chatbots. Further,
if such a mathematical function capable of predicting a better output
(maximizing reward) existed, it would negate the additional steps being
undertaken to fine-tune and improve the model.

Consequently, a human-in-the-loop approach was needed to develop
a reward model. Here, human contractors were presented with four to
nine outputs from the SFT model, and were asked to rank them from
best to the worst responses for the given input prompt. The better the
response, the higher the reward; therefore, the reward model learns
which kind of response yields a higher reward.

Having discussed the reward model, it is important to update the
SFT model so that it overcomes the limitations previously discussed
in the earlier stage of training. Here, ChatGPT’s model uses Proximal
Policy Optimization (PPO) (Schulman et al., 2017), to update the policy
on the basis of which it returns its outputs. These updates are done in
small steps so that the policy does not deviate significantly from what is
considered a high-reward output. The information-theoretic concept of
Kullback-Leibler (KL) divergence was used to measure such deviations,
and to keep the ChatGPT model within reasonable bounds.

2.3.4. Open-source LLMs

The public release of ChatGPT led to a LLM race between several Al
research laboratories and commercial entities, resulting in the release
of several open-source LLMs. These enable the public to tweak the
parameters of the pre-trained models, which permit one to apply such
a model’s complex natural language capabilities to a specific domain.

The most popular open-source LLMs include BLOOM (Scao et al.,
2022) and Llama (Touvron et al., 2023a) by the technology giant Meta,
which was quickly followed by Llama 2 (Touvron et al., 2023b), and
Llama 3 (AI@Meta, 2024). Llama 2, having been trained on 2 trillion
tokens, has double the context length of Llama 1. In addition, it offers
3 models of varying sizes (7B, 13B, and 70B parameters) so that the
end user can utilize the model most appropriately sized for his or her
task. Llama 2 has been trained using a similar approach to that of

ChatGPT by using RLHF. The release of such LLMs has led to a wave
of smaller, fine-tuned chatbots that perform comparably to their larger
counterparts on specific tasks. These, and numerous other open-source
LLMs/chatbots, have been presented in Table 2.

3. Modeling knowledge in chemical engineering: The three
paradigms

Understanding the role of Al and LLMs in chemical engineering
requires examining it through the lens of various knowledge-modeling
approaches employed in our field. Initially, chemical engineering re-
lied heavily on empirical methods and heuristics, with a conspicuous
absence of quantitative, first-principles-based models for almost a cen-
tury (Venkatasubramanian, 2019b). This changed in the 1950s, marked
by what is known as the Amundson era (Ramkrishna, 2013), in which
the adoption of applied mathematical techniques, especially linear alge-
bra, ordinary differential equations, and partial differential equations,
revolutionized the field by enabling the creation of models for unit op-
erations grounded in fundamental principles (Acrivos and Amundson,
1955; Ramkrishna and Amundson, 2004).

Similarly, decision-making within process systems engineering ini-
tially relied mainly on empirical knowledge and heuristic approaches.
This paradigm shifted in the 1960s, marking another pivotal moment
in modeling with the advent of mathematical programming techniques
like mixed-integer linear programming (MILP) and mixed-integer non-
linear programming (MINLP) (Daoutidis and Zhang, 2022). This trans-
formation was pioneered by Roger Sargent (Sargent, 1967), and his
students.

The next significant avatar in this long evolution of modeling
paradigms is the introduction of knowledge representation
concepts, and search techniques from artificial intelligence. This started
in the early 1980s under the leadership of Westerberg, Stephanopoulos,
and others from that era (Banares-Alcantara et al., 1985b, 1987;
Stephanopoulos et al., 1987, 1990). After remaining in the background
as a fringe activity for the past three decades, pursued by only a
few researchers, this knowledge-modeling paradigm has now gone
mainstream. The newest avatar in this evolution of knowledge models
is the large-language model. While the classical AI models of the
1970s-1980s were based on symbolic representations using logic and
reasoning, recent Al advances use statistical machine learning based
on probability theory and network science.

Broadly speaking, one might consider the Amundson era as the
introduction of formal methods for modeling process units. The Sar-
gent era, and the Al era are about modeling the process engineer.
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That is, modeling and automating human information processing and
decision-making, formally, to solve problems in synthesis, design, con-
trol, scheduling, optimization, and risk analysis. Some of these could
be addressed by the mathematical programming framework, i.e., the
Sargent approach, but others, such as fault diagnosis and process
hazards analysis, require causal model-based reasoning, and are better
addressed by Al concepts and techniques.

3.1. Role of symbolic Al in knowledge modeling and representation

When it comes to modeling knowledge, most chemical engineers
immediately think of differential and algebraic equations (i.e., DAE
models). These are suitable for certain classes of problems, such as
those found in thermodynamics, transport phenomena, and reaction
engineering.

However, there are other kinds of knowledge that do not lend
themselves to such models. For example, reasoning about cause and
effect in a process plant is central to fault diagnosis, risk analysis,
alarm management, and supervisory control. Knowledge modeling for
this problem class typically does not lend itself to the traditional DAE
approach to modeling because it cannot provide explicit relationships
between cause(s) and effect(s). In some simple cases, perhaps it can, but
it is incapable of addressing real-life industrial process systems, which
are often complex and nonlinear with incomplete and/or uncertain
data. Furthermore, even for simple systems, DAE-based models are not
suitable for generating mechanistic explanations of causal behavior.
This is where symbolic AI comes in.

We should not forget that the conceptual breakthrough of repre-
senting and reasoning with symbolic structures and relationships is an
essential contribution of AI (Rich, 1985; Venkatasubramanian, 1989;
Ungar and Venkatasubramanian, 1990; Russell and Norvig, 2016). This
is what we refer to as symbolic AlI, the classical AI of the 1960s-
1980s, to differentiate it from data-driven machine learning, which
we call numeric AL Although the importance of symbolic AI has been
largely missed in all the current excitement about data-driven machine
learning, we expect it to resurface as we go beyond purely data-
driven models towards more comprehensive knowledge-based intelli-
gent systems, which are necessary for many applications in chemical
engineering.

The symbolic Al methodologies include models such as the follow-
ing:

Graph-theoretical models such as signed digraphs used exten-
sively to perform causal reasoning in the identification of ab-
normal events, diagnosis, and risk analysis (Iri et al., 1979;
Vaidhyanathan and Venkatasubramanian, 1995; Maurya et al.,
2003,?)

Petri nets used for modeling discrete event systems (Johnsson and
Arze’n, 1998; Viswanathan et al., 1998a,b)

Rule-based production system models used in expert systems
for automating higher-order reasoning (Banares-Alcantara
et al., 1985a,b, 1987, 1988; Rich and Venkatasubramanian, 1987;
Venkatasubramanian and Rich, 1988)

Semantic network models such as ontologies used in materials
discovery and design, domain-specific compilers, etc. Banares-
Alcantara et al. (1985a,b, 1987, 1988), Rich and Venkatasub-
ramanian (1987), Venkatasubramanian and Rich (1988), Aldea
et al. (2003), Venkatasubramanian et al. (2006), Marquardt et al.
(2010), Hailemariam and Venkatasubramanian (2010a,b)
Object-oriented models such as agent-based models used in sim-
ulating the behavior and decision-making choices of indepen-
dent, interacting, entities endowed with complex attributes and
decision-making powers (Katare and Venkatasubramanian, 2001;
Julka et al., 2002)

All these have far-reaching consequences as we begin to develop
more comprehensive hybrid-Al systems such as the following in the
near future:
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» Combining first-principles with data-driven processing (Sundaram
et al., 2001; Viswanathan et al., 2002; Ghosh et al., 2003; Chakraborty

et al., 2020, 2021)

Causal models-based explanatory systems (Vaidhyanathan and
Venkatasubramanian, 1995; Rich and Venkatasubramanian, 1987;
Venkatasubramanian and Rich, 1988; Rich and Venkatasubrama-
nian, 1989; Vedam and Venkatasubramanian, 1999; Zhao et al.,
2005a,b)

Domain-specific knowledge engines (Venkatasubramanian et al.,
2006; Caruthers et al., 2003; Katare et al., 2004; Hsu et al., 2008;
Suresh et al., 2010a,b)

Thus, we do not view AI methods as simply useful tools to extract
patterns from large amounts of data, even though that benefit is very
much there, but as a new knowledge modeling paradigm, the next
natural evolutionary stage in the long history of developing formal
methods: first applied math (i.e., differential and algebraic equations),
then operations research (i.e., math programming) and now artificial
intelligence. Conceptually, applied math models numerical relation-
ships between variables and parameters, mathematical programming
models relationships between constraints, and Al models relationships
between symbolic variables and symbolic structures. In the early years,
logic was considered the discipline best suited to provide the formal
foundations of AI, but recent developments suggest that probability,
statistics, and network science are perhaps better suited. The truth
might lie in some combination of both, depending on the application.
With generative Al poised to make a great impact in chemical engi-
neering (Decardi-Nelson et al., 2024), increasing the accessibility of
LLMs, application-specific training datasets, and the inclusion of expert
domain knowledge into the model development pipeline, this is an
exciting time for research in this field.

4. Applications

The science and engineering community has a myriad of possibili-
ties to take advantage of this new and rapidly advancing technology.
In this section, we discuss a few specific examples. It is not meant to
be exhaustive, as the field is evolving rapidly, but is only suggestive of
the new and exciting possibilities.

4.1. Finetuning of LLMs

The choice of LLMs for users is growing rapidly. Oftentimes, it is
preferable to adapt an existing pre-trained LLM to a specific task. This
fine-tuning of LLMs has become exceedingly popular (and beneficial) in
recent years. This fine-tuning is, in essence, transfer learning for LLMs.
There are numerous benefits in fine-tuning LLMs: first, one can tailor
the output of a general LLM to a specific domain of application; second,
it reduces the computational load of training a much larger model with
several billion parameters; third, it can reduce the number of trainable
parameters for downstream tasks (Hu et al., 2021).

LLMs have been shown to be capable of learning through successive
prompts, and thus can learn in context (Wei et al., 2023) . Fine-
tuning is a more permanent exercise in contrast to in-context learning.
Here, instead of tuning the trained parameters of the model, one
meticulously crafts the inputs/prompts (prompt engineering) provided
to the model. The objective is to guide the output to better harmonize
with the desired outcome. As more efforts are being made towards
customized language models, an increasing variety of prompts can be
provided to LLMs. These include prompts based on style of the inputs
such as instruction (e.g., do this action), completion (e.g., complete the
missing link), factual (e.g., provide references for this statement) etc. These
provide background information to the LLM about the expectation of
the response. Another variety of prompts that can be provided include
keywords, semantic triples, knowledge graphs, relational databases,
among others. These show significant promise for domains where there
is ample structured and specialized information. The LLMs used in
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such domains can leverage this data in conjunction with its inherent
natural language capabilities to provide outputs which are relevant and
circumvent conventional problems of LLMs such as hallucinations and
unavailability of real-time knowledge.

Building on the concept of in-context learning is the idea of indexing.
This adds an information retrieval functionality to LLMs for extracting
data from textual sources. There are numerous benefits accrued from
in-context learning, such as increased accuracy resulting in reduced
hallucinations and semantic accuracy. The central theme of indexing
LLMs is to use the model as a reasoning engine. Depending on the
application domain, appropriate knowledge bases can be created, and
semantic searches can be made on the same. This approach of combin-
ing a search engine with the natural language reasoning capabilities of
an LLM was popularized by Lewis et al. (2020) as retrieval-augmented
generation (RAG). A major benefit of such an approach is the ability to
update the knowledge base with new information. In rapidly evolving
fields such as drug discovery, biotechnology, and renewable energy, to
name a few, it is vital that their databases be updated in real-time.

4.2. Explanation generation

A major challenge for the sciences and engineering remains the
explainability of mathematical models. The types of models obtained
after thorough analyses are wide-ranging — from white-box models
(derived from first principles) to black-box models (e.g., neural net-
works), and gray-box models (Von Stosch et al., 2014; Chakraborty
et al., 2022) (which rely on combining the principles of both ends of the
modeling spectrum). Although there are statistical approaches (Ribeiro
et al., 2016; Lundberg and Lee, 2017) that attempt to explain these
models, often for an end-user, an ideal explanation would be one that is
provided in a natural language fashion. In the domain of model discov-
ery (Wilson and Sahinidis, 2017; Chakraborty et al., 2020; Udrescu and
Tegmark, 2020; Chakraborty et al., 2021; Jul-Rasmussen et al., 2023,
2024; Chakraborty et al., 2024), it is of prime importance to be able to
explain the effects of the features, and their corresponding independent
variables on the outputs.

In an attempt to take advantage of the human-like conversational
capabilities of ChatGPT, we apply its prowess to generate meaningful
sentences that give the illusion of understanding in the same way as a
human expert would, to the task of explaining mathematical equations
and formulae. This is considerably more challenging than asking Chat-
GPT to write prose, or help with explaining a homework problem. This
is because in order to explain the mathematical equation, a relevant
knowledge-base is required for the retrieval of information pertinent
to the query. Further, despite the abundance of training data provided,
ChatGPT does not have information readily available regarding a new
equation or mathematical relation that must be described in a natural
language manner — especially one that it has never seen during its
training process.

Here, we emphasize the need (and success) of providing relevant
context when utilizing such LLMs for generating an explanation in
natural language. Let us consider a relatively simple mathematical
equation that is well known in reaction kinetics, the Arrhenius equa-
tion: k = Ae~Fa/RT where k is the specific reaction rate constant, E,
is the activation energy, R is the universal gas constant, and T is the
temperature at which the reaction is occurring. For an expert in the
field of reaction kinetics, the Arrhenius equation is an empirical relation
denoting a negative-inverse exponential dependence on temperature
along with an inverse-exponential dependence on the activation energy.
Furthermore, such an expert can contrast this empirical relationship
with another equation from the same field of study, e.g, the Eyring—
Polanyi equation. Knowledge about the background, derivation, success
and failure of the equation, details of the variables involved, etc, are
essential for an explanation provided by a human.

For a capable program (such as ChatGPT) to produce human-like
explanations for mathematical equations and relations, it will require
(but is not limited to) the following:
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1. Information about the variables involved in the equation

2. Background of the equation (e.g, its derivation)

3. Any causal relationship(s) between the dependent and indepen-
dent variables

4. Additional dependencies of the parameters involved (e.g., tem-
perature dependence of the specific rate constant as per the
Arrhenius equation, in a rate law)

These details are typically found in the scientific literature, such
as research articles, specialized textbooks on the subject matter, and
industrial manuals, to name a few. The equation is often surrounded
by additional metadata, such as references to related sources, equation
numbers, derivations, etc. It is thus imperative that when either a
human, or an LLM is asked to provide a human-like explanation for
such an equation, the relevant context is accounted for since it has
pertinent information that can be used effectively for the same.

In conjunction with relevant context, we highlight the importance
of prompt engineering for such an application. Pre-trained LLMs do
not have all the relevant context for novel equations/mathematical
relations that researchers may discover. Additionally, when a query
is made to an LLM to describe the model, the relevant context must
be provided first. This provides background information, on the basis
of which the LLM can attempt to generate an explanation. One such
example highlighting the benefit of added context is depicted in Fig. 3.
It should be noted that all existing background information does not
necessarily need to be provided at the outset. The user may choose to
provide information in varying degrees of complexity, either following
some existing guidelines provided in relevant textual source(s), or
through the human expertise regarding the subject matter.

4.3. LLMs in chemistry

The application of LLMs is not restricted to text-related tasks. In the
chemical and biological sciences, many text-based representations exist
that can be used to convert a conventional scientific problem into one
that can be parsed in a textual format. The most popular choices are
the Simplified Molecular Input Line Entry System (SMILES) (Weininger,
1988; Weininger et al., 1989) to represent chemical structures, and
FASTA (Lipman and Pearson, 1985; Pearson and Lipman, 1988) com-
monly used in bioinformatics. LLMs, with their textual reasoning capa-
bilities, can be taken advantage of for such tasks. Guo et al. (2023) used
a variety of GPT models for eight chemistry tasks. These include for-
ward reaction and retrosynthetic prediction, among others, which have
been predicted using domain-specific ML approaches. The results show
its ability to perform well on text-related explanation tasks such as
molecular captioning and text-based molecular design. Unsurprisingly,
the results are not much better than the current state-of-the-art non-
LLM approaches for the same tasks. This can be linked to an inherent
lack of knowledge in the chemistry domain that would be essential —
say, for a human expert — given the same tasks.

Consequently, an effort was made to enhance the capabilities of
LLMs for chemistry-related tasks, titled ChemCrow (Bran et al., 2023),
by integrating helper “tools” that work with the existing natural lan-
guage reasoning capabilities and enable a wider range of actions. These
include, but are not limited to, a web search tool, a literature search
tool, a Python coding tool, a molecule manipulation tool (which can
alter SMILES, and the corresponding molecules for subsequent tasks),
etc. These improvements substantially improve the performance of the
LLM and can be used to systematically obtain more relevant results
for chemistry-related queries. Furthermore, this can allow the LLM
to provide a reason for its steps taken towards obtaining the results,
which can greatly benefit a human expert and can provide an additional
avenue to explore. Although ChemCrow can have numerous advantages
for the scientific community, it is necessary to have safety measures
in place to reduce the risk of misuse of the same. Consequently, such
tools were added to the framework. Further, for the safety of the user,
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O You

Explain the following equation:

tt=tf+te+tc+tR

ChatGPT

This equation seems to represent the total time (t_t) it takes to complete a task, which is

comprised of different components:

* ty: Time for forming a plan or strategy.
* t.: Time for executing the task.
* t.: Time spent on communication or coordination related to the task.

* tr: Time for reviewing or reflecting on the task after completion.

So, the total time to complete the task includes the time spent on planning, execution,

communication, and reflection. This equation helps in understanding and analyzing the

different factors contributing to the overall time required for a task.
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O You

Explain the following equation in chemical engineering:

tt=tf+te+tc+tR

given that

t_tis total cycle time,

t_fis time necessary to fill the reactor,

t_eis time necessary to heat the reactor,
t_cis time necessary to clean the reactor, and
t_Ris total reaction time.

Context

@ chatGPT
In chemical engineering, the equation you provided represents the total cycle time ¢ required

for a particular reactor operation. Let's break down each term:

t 1 is the time necessary to fill the reactor. This includes the time it takes to introduce the
reactants into the reactor until it's completely filled.

2. t. is the time necessary to heat the reactor. Some reactions require specific temperatures for
optimal performance or to initiate the reaction itself. This term encompasses the time taken to
reach and stabilize at the desired temperature.

3. t.is the time necessary to clean the reactor. After a reaction cycle completes, it's often
essential to clean the reactor thoroughly before the next cycle to prevent contamination or
undesirable reactions.

1. tg is the total reaction time. This refers to the duration required for the actual chemical
reaction to occur inside the reactor. It includes the time from the start of the reaction until it
reaches completion or equilibrium.

The total cycle time ¢ is the sum of these individual components t £, t, t., and tg. It represents
the overall time required to complete one full cycle of operation in the reactor, from filling to
cleaning, including the reaction time itself. This equation helps in the analysis and optimization

of reactor processes by considering the various time components involved in the cycle.

Fig. 3. An example of how background context helps guide ChatGPT towards a better explanation of a simple equation from the domain of chemical reaction engineering. The
additional context provided, is shown in the red colored box. This exemplifies the use of prompt engineering, which enables a more sensible output from LLMs, especially for

more focused question-and-answering tasks such as the one highlighted here.
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Fig. 4. The output from SUSIE (Mann et al., 2023b), for an abstract in pharmaceutical sciences, discussing galunisertib (Herbertz et al., 2015).

the data is queried from the PubChem database and are provided in a
simple manner to the user.

Similarly, graph neural nets that have traditionally been unable
to use textual information and lack sufficient training data can be
used in conjunction with language models for reaction prediction, as
demonstrated by ReLM (Shi et al., 2023). Here, reaction prediction
is performed using a pre-trained language model and graph neural
networks. Alternate approaches include using the capabilities of natural
language in the design of organic structures, as was demonstrated by
Ito et al. (2024). Here, GPT-4(Achiam et al., 2023) was used as a natural
language medium to obtain additional insights in an iterative manner.

4.4. LLMs in biology, pharmaceuticals, and drug discovery

Large language models have also become useful in the pharmaceuti-
cal domain. A recent example of this is the extraction of semantic triples

performed on pharmaceutical documents by Schema-based Unsuper-
vised Semantic Information Extraction (SUSIE) (Mann et al., 2023b).
Such a tool can accelerate drug discovery by searching for keywords
and phrases through a corpus of documents in a fraction of the time
that it would take a human expert. This system relied on fine-tuning
a pre-trained domain-specific language model (BioBERT (Lee et al.,
2020)), on data from its intended application domain, followed by
information extraction. Such a tool can drastically reduce the time
taken by a human to undertake repetitive and tedious manual tasks,
to mere seconds. A sample output from SUSIE based on an abstract of
a journal article in the pharmaceutical sciences domain is depicted in
Fig. 4. When this output — which is obtained after careful inclusion of
domain-knowledge expertise into the data-driven pipeline - is provided
to an LLM (here, ChatGPT), it is capable of rendering an accurate
natural language summary of the text. The same is shown in Fig. 5.
Relying on prompt engineering and data augmentation from updated
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O You

I will provide semantic triples in the format: ENTITY_1 RELATION ENTITY_2.
Please provide a summary based on the following semantic triples extracted from a document:

galunisertib has antitumor_activity

antitumor_activity is_in tumor_bearing_animal_models_such_breast

galunisertib is oral_small_molecule_inhibitor_of_tgf_beta_receptor

galunisertib has antitumor_activity_in_bearing_animal_models

galunisertib is_small receptor

galunisertib furthermore_has antitumor_activity_in_tumor_bearing_animal_models

ChatGPT

The provided semantic triples describe various aspects of the compound galunisertib and its

effects:

Galunisertib: It is a compound.

2. Antitumor activity: Galunisertib possesses antitumor activity.

3. Antitumor activity in tumor-bearing animal models: Galunisertib exhibits antitumor activity
specifically in tumor-bearing animal models.

4. Tumor-bearing animal models such as breast: The antitumor activity of galunisertib is observed
in tumor-bearing animal models, including those resembling breast cancer.

5. Oral small molecule inhibitor of TGF-beta receptor: Galunisertib is an oral small molecule that
inhibits the TGF-beta receptor.

6. Small receptor: Galunisertib is associated with a small receptor.

/. Furthermore has antitumor activity in tumor-bearing animal models: Reiterating its antitumor

effects, galunisertib demonstrates additional antitumor activity specifically in tumor-bearing
animal models.

Fig. 5. The output from ChatGPT for a summarization task when provided with a
knowledge graph generated by SUSIE (Mann et al., 2023b), for an abstract in pharma-
ceutical sciences, discussing galunisertib (Herbertz et al., 2015). The summarization of
complex scientific text has become simpler, and more accurate by virtue of semantic
triples extracted.

sources, these extracted and domain-aware knowledge graphs serve
as guardrails for the LLMs and guide the model to yield sensible
outputs (Taskiran et al., 2024b,a; Kadiresan et al., 2024).

Other applications in this domain include ChatPathway (Li et al.,
2023), which highlights the successful merging of domain knowledge
in biology with the power of LLMs to predict biochemical reactions and
their pathways. With the rapid increase in the number of applications of
LLMs in the scientific and engineering domains, there has been a rise in
scientific LLMs such as PubMedBERT (Gu et al., 2021), MolGPT (Bagal
et al., 2021), SciBERT (Beltagy et al., 2019) — to name a few. For a more
in-depth review of scientific LLMs, the reader is advised to refer to this
comprehensive article by Zhang et al. (2024) discussing the same in
great detail.

5. Next steps: From LLMs to LKMs

With the advent of the LLMs, Pandora’s box has been opened,
revealing many exciting possibilities and serious concerns. As Venkata-
subramanian argues (Venkatasubramanian, 2024), ultra-large language
models, such as GPT-3.5 and beyond, are not mere autocomplete
engines or stochastic parrots. They have new emergent capabilities that
require creating a new conceptual framework similar to the transition
from Newtonian to statistical mechanics. However, despite their im-
pressive capabilities in specific applications, current LLMs have limited
success in highly scientific and engineering applications. This is mainly
due to the lack of in-depth domain knowledge based on first principles.
Current LLMs, in general, appear to be a mile wide in their scope but
only a foot deep in fundamental principles.

This limitation of purely data science models is due to their lack
of “understanding” of the underlying knowledge. For example, a self-
driving car can navigate impressively through traffic, but does it
“know” and “understand” the concepts of mass, momentum, acceler-
ation, force, and Newton’s laws as we do? It does not. Its behavior
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is similar to that of a cheetah chasing an antelope in the wild. Both
animals show great mastery of the dynamics of the chase, but do they
“understand” these concepts? At best, current Al systems have perhaps
achieved animal-like mastery of their tasks but have not gained a
deeper “understanding” as many humans do. This is a serious problem.

What we need are domain-specific LLMs that are perhaps a foot
wide but a mile deep in domain knowledge. For example, a custom
LLM in pharmaceutical engineering might not compose poems like
Shakespeare, but it will not hallucinate on pharmaceutical chemistry.
We need many such custom LLMs in different application domains that
can communicate with one another.

This raises the importance of building first-principles knowledge
in LLMs. For four decades, the first author has argued (Rich and
Venkatasubramanian, 1987, 1989) about the importance of such hybrid
Al models, combining mechanistic understanding based on the under-
lying physics, chemistry, and/or biology of our systems and processes
with data-driven techniques. Our domain, in fact, most science and
engineering, is governed by such fundamental principles. In this regard,
it is different from areas such as game playing and computer vision,
where there are no such conservation laws or constitutive equations to
exploit. So, it makes sense in those domains to be primarily data-driven.
But our applications are quite different.

A related point is that many chemical engineering applications are
not “big data”. We certainly have access to more data now than we did,
say, a decade ago. But unlike vision or game-playing, we do not gen-
erate terabytes of data easily, except perhaps in computer simulations.
So, purely data-driven techniques mimicked from such domains are not
appropriate and might not work. On the other hand, our first-principles
knowledge can be leveraged and exploited to reduce the need for large
amounts of data. Thus, the construction of hybrid domain-specific LLMs
is more appropriate for many chemical engineering applications.

We classify Al opportunities and challenges into four categories
(Venkatasubramanian, 2019a; AIChE, 2019) “easy”, ‘“hard”,
“harder”, and “hardest”, problems. The relatively “easy” ones are those
where plenty of data is available, and many standard machine learning
software could be used to extract useful patterns from such data. These
are not particularly difficult problems, as these were demonstrated even
in the 1990s. On the other hand, “hard” problems require the construc-
tion of hybrid Al models and the generation of mechanism-based causal
explanations. Although work in the 1990s, again, showed (Psichogios
and Ungar, 1992) how these could be done, we are still quite a ways
from developing such models systematically, reliably, and easily for
large-scale and diverse applications. We think this might take another
five years or so.

The third category, the “harder” problems, is those in which
one would have to build domain-specific ontologies, compilers, lan-
guages, etc., such as those reported for catalyst design (Caruthers
et al.,, 2003; Katare et al., 2004) and pharmaceutical manufacturing
(Venkatasubramanian et al., 2006; Hailemariam and Venkatasubrama-
nian, 2010a,b). Custom domain-specific LLMs fall into this category
(Mann et al., 2023b). This would require much more work than
simply applying standard techniques and software in machine learn-
ing. They need careful integration of symbolic domain knowledge
with data-driven methods. In fact, even generic LLMs such as Chat-
GPT have realized the importance of human experts and are already
doing this under the guise of reinforcement learning with human
feedback (RLHF). Another example of this realization is the devel-
opment of AlphaGeometry, which proves mathematical theorems at
the Olympiad level (Trinh et al., 2024). As a neuro-symbolic system,
it uses a language model in conjunction with a symbolic deduction
engine. In another recent example, researchers at Apple (Mirzadeh
et al., 2024) observe the illusory and brittle nature of reasoning
in LLMs. The domain-specific LLMs that we envision would require
much more human expert guidance in the form of ontologies and
heuristics, reflecting some of the techniques used in the expert systems
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era (Venkatasubramanian, 2019b). Automation tools will certainly
come along to make building such ontologies somewhat easier.

There are encouraging results on this front in recent work (Roose,
2024-05-21). With the use of dictionary learning, researchers at An-
thropic AI were able to investigate the underlying features (Templeton
et al., 2024) of their LLM named Claude Sonnet (Roose, 2023-02-16).
This is certainly a step in the right direction, as it enables researchers
to better understand the shortcomings of these complex (to date, un-
interpretable) models and aids in the future development of more
explainable LLMs. Additional efforts at the frontiers of LLM research
are geared towards developing small language models (SLMs), which
are a fraction of the size of LLMs, are trained on higher quality data,
and require significantly lower training computations than LLMs. One
such example is that of Microsoft’s Phi-1 SLM (Gunasekar et al., 2023),
which was trained on a textbook-quality dataset with a size of 7
billion tokens. Building on the success of the earlier model, Microsoft
launched the Phi-3-mini SLM (Abdin et al., 2024). These compact yet
effective language models are more optimized versions of their larger
predecessors.

Along these lines, an exciting, while nascent, avenue to explore is
the inclusion of knowledge graphs (KGs) in an LLM framework. This
enables one to circumvent the problems of hallucinations in LLMs (Ji
et al., 2023), and augment domain-specific knowledge to LLMs, result-
ing in a system that does not merely recall (occasionally, incorrect)
factual information from its training data (Petroni et al., 2019). Due
to the inherent lack of interpretability of an LLM, which functions
as a black-box model due to its reasoning aided by a probability
model (Zhang et al., 2022), it is necessary to incorporate structured
knowledge into the same, targeted for a specific domain. For a more
comprehensive treatment of the use of structured knowledge represen-
tation in KGs and enhanced inference and interpretability for LLMs, the
reader is advised to refer to the review article by Pan et al. (2023).

We call these hybrid AI systems Large Knowledge Models (LKMs)
because they will not be limited to NLP-based techniques or NLP-like
applications only. We estimate that such systems might take about
5-10 years to emerge as routine implementations.

Finally, the “hardest” challenge is, as Venkatasubramanian de-
scribes (Venkatasubramanian, 2024) in detail, in developing a
“Thermodynamics”-like theory of the LLMs. In our opinion, the most
interesting and intellectually challenging problems lie in the “hard”,
“harder”, and “hardest” categories. We think these are the areas where
the PSE research community should focus now.

In conclusion, generative Al has opened up unimagined possibilities
in all aspects of human endeavor. It is poised to have a great impact on
process systems engineering. However, to harness its potential safely
and effectively, we need to go beyond large language models (LLMs)
to large knowledge models (LKMs), which incorporate fundamental
knowledge and human expertise deeply and effectively.
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