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Critical Understanding of LLM-Generated

Statements
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Abstract: Now that we live in a world where most of the text in
recent online interactions that we come across seems to be
generated by LLMs, it becomes critical to understand the nature of
statements being generated by LLMs. Technology has always been
sold to humans under the tag that it is foolproof and will make lives
easier. LLMs produce text by predicting the next token or sequence
based on probabilities derived firom their training data. A question
then arises, whether they generate a ‘probability statement’ or
‘probability of a statement’. The difference between the two may
seem elusive, but it is actually quite obvious. This paper intends to
bring forward that difference to its audience, who, in turn, can
understand the capabilities of the machine they are using and
adapt a better framework to judge and use the response generated
by LLM models in their applications.
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I. INTRODUCTION

Since the advent of transformer models in 2017, we have

seen a dramatic rise in the capabilities of machine learning
language models in text generation [1]. However, their
adaptation was much later hyped by the release of ChatGPT,
a public-facing interface for OpenAl models, where users can
prompt and get responses. LLMs have captured imaginations,
and more of the media have followed, with promises of rapid,
even unparalleled, productivity growth made since then.
There are no doubts about the impressiveness of the text or
information produced by the generative models in response to
simple user prompts. But the validity of the responses
generated by large language models has remained in question
[2]. LLMs are not sentient beings but “stochastic parrots” [3].
Their capability is fundamentally statistical, driven by pattern
matching rather than cognitive processes. Unlike their
counterparts, the mortal sentient beings, who can reason
abstractly or infer causality, LLMs lack an internal model of
the world that would allow them to understand why specific
patterns exist or how they relate to real-world phenomena.
LLMs learn to associate inputs with outputs based on
probabilities derived from training data, without any inherent
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understanding of the underlying concepts or causal
relationships. for example, when an LLM generates a
response to a question, it does so by calculating the likelihood
of certain words or phrases given the input context and
entirely relies on patterns observed during training. A question
then arises, whether LLMs generate a ‘probability statement’
or ‘probability of a statement’.

II. PROBABILITY STATEMENT

Probability statements can never be strictly contradicted by
experience, even though we assume that all external
perturbations and all observational errors are entirely
removed. Suppose that we place 100 balls in a sack, out of
which five are black and the rest are white. If we now draw a
black ball randomly out of the sack in the very first attempt,
we would be surprised, but would never question the number
of black balls present in the sack. However, the same cannot
be said for scientific assumptions based on probability. The
probabilistic statements cannot be strictly falsified. However,
they can be questioned if observed outcomes consistently
deviate from expectations in a way that seems highly
improbable given the stated probability. “The probability of
rolling a six on a fair die is 1/6” is a probability statement as
it quantifies the likelihood of a specific outcome in a
repeatable experiment. It is a statement rooted in the structure
of the dice. There can be six such probability statements
referring to the throw of the die, such as ‘the probability of a
one to be thrown is 1/6°, ‘the probability of a two to be thrown
is 1/6, and so on. And these statements can be true
simultaneously. However, statements such as “a six will be
thrown or four will be thrown” will not be considered
probability statements. These are contradictory statements
which refer to propositions about the outcome of a dice throw.
A die can only land on one face and hence will only have one
uppermost side at any point in time. This makes the above
statements, such as “a six will be thrown or four will be
thrown,” mutually exclusive, as a single dice throw can only
produce one outcome. A probability statement is not about
holding partial beliefs in contradictory propositions; instead,
it describes the objective likelihood of individual events,
typically expressed in terms of a numerical probability or
chance. What makes “probability statement” unique is that it
refers to objective properties of events in the world, which are
grounded in empirical or theoretical frameworks, rather than
subjective beliefs or propositions about statements. A
probability statement is not a psychological state of believing
multiple contradictory outcomes at once.

III. PROBABILITY OF A STATEMENT

The degree of belief in a proposition can be referred to as
“probability of a statement”. A
proposition is an idea or
opinion that an entity may
express about a subject. Such a
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statement reflects confidence in a statement’s truth rather than
an event’s occurrence. This can be understood by revisiting
the famous experiment conducted by Daniel Kahneman [4]
and Amos Tversky, in which they created a personality sketch
of an imaginary individual, Tom W, as follows: Tom W is of
high intelligence, although lacking in true creativity. He needs
order and clarity, and for neat systems in which every detail
finds its appropriate place. His writing is rather dull and
mechanical, occasionally enlivened by somewhat corny puns
and by flashes of imagination of the sci-fi type. He has a
strong drive for competence. He seems to feel little sympathy
for other people and does not enjoy interacting with others.
Self-centred, he nonetheless has a deep moral sense. He then
suggested that the group of participants take a sheet of paper
and rank the nine fields of specialization listed below in order
of the likelihood that Tom W is now a graduate student in each
of these fields: 1. Business administration 2. Computer
Science 3. Engineering 4. Humanities and education 5. Law
6. Medicine 7. Library Science 8. Physical and Life Sciences
9. Social science and social work. When this task was
administered to a group of graduate students in psychology,
most of them ranked computer science and engineering as the
most probable streams (you can cross-check your answers
honestly). Ironically enough, this group of students was aware
of the intuition bias and were familiar with base rates of
different fields. Yet, they did not engage their knowledge but
were lured by the representativeness and ignored base rates,
and did not even doubt the authenticity of the description
based on the judgment. Had the above information not been
presented and just asked to gauge Tom’s probability of joining
a stream, they would have considered the base rates of
different fields, i.e., the average number of students joining
each field in each set.

IV. LLM’S DILEMMA

LLMs can produce statements that resemble probability
statements, such as “There is a 70% chance of rain this
afternoon,” if trained on weather-related data or prompted to
generate such claims. However, it is not difficult to dismiss
the claims of objectivity in such statements. The argument
presented will be on the lines that unless the LLM is explicitly
drawing on a probabilistic model tied to real-world data, such
statements cannot be considered “probability statements”.
When LLM generates a statement, it reflects a probabilistic
weighting of possible outputs based on its training data, not a
direct assessment of real-world events. The model assigns
probabilities to tokens or sequences that express a “degree of
confidence” in the statement based on the input context.
However, their “probabilities” are statistical artefacts of their
architecture, not evaluations of evidence like in scientific
inquiry. On their own, LLMs do not directly compute
objective probabilities of events unless integrated with
external systems (e.g., real-time data feeds or statistical
models). But we must also investigate the case of real-time
data integration closely, as many such integration systems are
possible and are, in fact, at play in the recent and upcoming
software architecture. Once integrated with a real-time data
source, the nature of the output from an LLM changes, as it
can access current, empirical information about the world,
allowing it to generate statements informed by actual
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evidence. However, whether the resulting statements qualify
as probability or remain expressions of a degree of belief
depends on how the integration is implemented and the
context of the output. Even though integration with a real-time
data source provides the context for output, the fundamental
nature of LLM remains the same, which means its phrasing,
interpretation, and presentation of real-time data depend on
patterns learned during training. For example, suppose the
training data contains many instances of rounded or simplified
probability statements. In that case, the LLM might
approximate or rephrase the input data rather than directly
reporting the exact probability. This introduces a layer of
subjectivity, since the LLM’s output is not a direct
computation of probability but a translation of the input data
into language, filtered through its learned patterns. For an
LLM to produce a probability statement that asserts an
objective chance about a

real-world event, it must act as a faithful conduit for the
probabilistic model’s output, without altering or reinterpreting
the data through its language generation process. For the
LLM’s output to be a true probability statement, it must either
output the numerical probability provided by the external
model (e.g., a weather model’s 70% probability) without
modification or perform its own probabilistic calculation
using the real-time data, following a rigorous statistical or
computational method. The moment an LLM merely
interprets or paraphrases the real-time data (e.g., converting
“70% chance of rain” into “It’s likely to rain”), the output risks
being a degree of belief that is nothing but a linguistic
approximation shaped by the model’s training rather than a
direct reflection of an objective probability. For instance, an
LLM integrated with a weather forecasting system that
outputs “70% probability of rain at 3 PM based on radar and
atmospheric data” may directly report this as “There is a 70%
chance of rain this afternoon”. This qualifies as a probability
statement because it accurately conveys the objective
probability computed by the external model, with minimal
influence from the LLM’s training data. Accountability is
maintained if the system can trace the statement back to the
weather model’s calculations. However, suppose the LLM,
influenced by its training data, rephrases this as “It’s likely to
rain this afternoon”. In that case, this reflects a degree of belief
in the technical sense, as the LLM’s choice of “likely” is
shaped by linguistic patterns in its training data rather than a
direct calculation of probability. The statement loses precision
and objectivity, as “likely” is ambiguous compared to “70%”.
This output cannot be held fully accountable as a probability
statement because it introduces subjectivity from the LLM’s
language generation process. On the other hand, if the LLM
is equipped with a module to process real-time meteorological
data and compute probabilities using a statistical model, then
it could independently generate a statement like “There is a
70% chance of rain this afternoon” based on its own
calculations. This would qualify as a probability statement, as
it reflects an objective probability derived from empirical
data. However, this requires the LLM to have a transparent
probabilistic model that performs its own probabilistic
calculations using explicit and
reproducible methods, and the
output’s accuracy depends on
the quality of the data and the
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model’s design. Most current LLMs are not designed for such
calculations, relying instead on external models or linguistic
patterns. In summary, the accountability of a statement being
made is much more critical in today’s time. While quoting
statements directly from a generated output, users should have
access to metadata or logs showing how the probability was
derived.

V. CONCLUSION

LLMs generate creative or persuasive text; they do not
express intention but instead recombine patterns based on the
input prompt. Clearly, they often struggle with tasks requiring
them to go beyond their training, such as solving novel
problems outside their training distribution or handling
counterfactual reasoning. For example, LLMs cannot
accurately answer questions about summing numbers in an
Excel sheet and often resort to measures like using an agent
(tool), which is essentially” automation” rather than actual
intelligence. In fact, LLMs are not capable of genuine
intelligence. Current Al models perform well on simple,
repetitive tasks with clear outcomes, such as text
summarisation or image classification. However, for complex
tasks that require specific context—such as diagnosing
intricate medical conditions or making strategic decisions—
human judgment remains essential. Most occupations rely on
tacit knowledge that Al models or LLMs cannot reproduce.
Because LLMs depend on pattern matching, they are prone to
errors in out-of-distribution scenarios or when faced with
adversarial inputs. For instance, they may generate
“hallucinations” (false but plausible outputs) when faced with
ambiguous or novel questions. While statistical methods
provide objective tools such as p-value, the interpretation of
these results involves a human decision. The scientist must
weigh the evidence, consider the context, and decide whether
the improbability of the observed result justifies rejecting the
hypothesis. In current times, when most of us are using LLMs
which are probabilistic generative models to look for answers
to most of our queries, we must therefore be careful to accept
the answers generated by the model, as often the model is
unaware of the entire context of a person’s situation and
generates response based upon the context pre-loaded and its
comparison with the description of context provided by the
user. For the same reasons, these models can only assist in the
decision-making process by providing a probabilistic view;
however, the responsibility for inference lies solely with the
human in the loop. Hence, one must not factor out human
judgment when dealing with LLM-generated texts in day-to-
day life. In fact, a proper critical analysis of the text is
advisable in such scenarios, as it might be just resonating the
sentiments prompted without any accountability.
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