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Abstract

Sycophancy, the tendency for large language models (LLMs)
to excessively affirm the beliefs of a user, poses a risk to the
adoption of LLMs in recreational, industrial, and academic
sectors of society. In particular, encouragement of misguided
behaviors (e.g., suicide, self-harm) and elevated dependence
on LLMs as a conversational partner makes the identifica-
tion of techniques to reduce sycophancy in LLMs a necessity.
Thus, this paper overviews current influences of sycophancy
discussed in the literature. Four influences of sycophancy
are discussed: training data adjustment, model architecture
adjustment, reinforcement learning with human feedback
(RLHF), and steering vectors. Comparisons and future direc-
tion for research are provided.

Keywords: Al, LLM, Sycophancy, Steering Vectors, RLHF,
Reinforcement Learning With Human Feedback, Neural Net-
works, Recurrent Neural Networks, Large Language Models

1 Introduction

As large language models (LLMs) grow in recreational, in-
dustrial, and academic adoption, identifying weak points in
LLMs becomes increasingly pertinent. One major concern
involves the tendency for LLMs to produce an echo chamber,
where responses produced by an LLM affirm the beliefs of
a user, regardless of factual accuracy [18]. This behavior,
known as sycophancy, not only threatens the accuracy and
impartiality of LLMs, but may elevate the risk associated
with LLM usage [17]. Such risk involves use of an LLM for
supplementing interpersonal relationships, relying on an
LLM as a conversational partner [6]. Due to the sycophan-
tic nature of LLMs tending to affirm the perspective of the
prompter, encouragement of misguided behaviors (e.g., suici-
dal thoughts), support of one’s beliefs irrespective to factual
accuracy and the perspective of others, and promoting in-
creased dependence on LLMs over humans for interpersonal
interaction may occur. Such dependence may even coincide
with a feeling of grief upon the closure of an LLM, with some
LLM-attached individuals equivocating the shutdown of an
LLM to the death of a loved one in real life [1, 2].

Thus, due to the threat sycophantic behavior poses to
widespread utilization of LLMs, this paper catalogues notable
factors contributing to sycophancy in the literature. A brief
history and background on the development and theory
behind LLMs is provided (see Section 2). Then, common

behavior, measurements, and influences of sycophancy are
discussed (see Section 3). Afterwards, this paper concludes
with a summary and coverage of topics for future research
(see Section 4).

2 Background
2.1 Language Models (LMs)

Seeking to provide computers with language abilities analo-
gous to human speech, language models (LMs) calculate the
probability of outputting sequences of words by segmenting
chunks of raw text into a set of tokens in a process known as
tokenization [25]. A token represents a unit of text, such as a
character (‘a’, ‘1°), a word (‘bread’, ‘dog’), or a sub-word. Sub-
words are chunks of a word split into distinct tokens, with a
word like ‘upcoming’ possibly deriving the tokens ‘up’ and
‘coming’ [16]. Sub-words do not need to carry meaning, as
the word ‘informatics’ could produce the set of tokens ‘inf’,
‘orm’, ‘atics’, which lack semantic significance when sepa-
rate. Initial constructions of LMs were based on the n-gram
language model, where the probability of the next word in a
word sequence depends on the previous n — 1 words [10, 25].
That is,

k
Py (S) = l—l P(wi|wi-1, Wi—2, Wi-3,..., Wi—(n—l))

i=1
where S = wy, wy, ..., wg. The probability of a sequence of
k words S, denoted by the function P,(S), is equal to the
product of probability of each word at index i w; given the
previous n — 1 words, written as ]—[ﬁ‘:1 P(wi|wi_1, wi_o, Wi_3,
ey Wi—(n—l))-

These statistical language models (SLMs), incorporating
the Markov process within information retrieval and natural
language processing (NLP), remained prevalent up until the
late 2000s. Then, where SLMs faltered in the need to pre-
dict an exponentially growing number of probabilities for
each additional word, neural language models (NLMs) thrived.
Moving away from the statistical learning methods present
within SLMs, NLMs incorporate neural networks (NNs) to
estimate the probabilities of word sequences [4, 25].

NNs contain computational units called nodes [3, 23]. These
nodes are contained in arrays called layers. NNs possess an
input layer for taking in data, a series of hidden layers for
recognizing patterns within data, and an output layer for
passing out a prediction from that data. In a feed-forward
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neural network (FNN), every node within a layer is connected
to every node within the next layer. Another type of NN,
Recurrent Neural Networks (RNNs), stores hidden states to
retain memory of the inputs from a previous hidden layer
at a particular step (point) in time (see Figure 1). Hidden
layers may use these hidden states and feed them back into
themselves as an input, allowing for consideration of prior
information when generating an output. A deep neural net-
work is a NN that employs two or more hidden layers (see
Figure 2) [5]. Parameters act as individual factors influenc-
ing a NN’s output. Parameters come in two types: weights
or biases. Weights, represented numerically, represents the
strength of connection between the edges of nodes. A bias,
a numerical constant present at each node of the hidden
layer(s) and output layer, can dynamically shift a NN’s out-
put. Hyperparameters modify the architecture of a NN, such
as number and dimensions of layers. Each node contains an
activation function, which performs a mathematical opera-
tion on given inputs, typically the sum of weighted inputs
from the previous layer plus the node’s bias term. One com-
mon activation function, softmax, computes the probability
distribution of a given set of inputs at (commonly) the output
layer of a NN. Softmax is denoted by the function

e~

o(x;) = ;.1:1 e

where the probability of an output x; is equal to the value
of e raised to the power of x; divided by the sum of e raised
to each input x; of the vector X. Using a NN allows for dis-
tributed representation of the words within a word sequence,
assigning higher probabilities to words more closely related
to words appearing within sentences already formed (and
vice-versa). This distributed representation in NLMs yields
greater performance and accuracy than SLMs.

The use of NNs in NLMs paved the way for training LMs.
Training of an LM consists of three phases: pre-training,
fine-tuning, and post-training [5, 23]. An LM that underwent
training is referred to as a pre-trained language model (PLM).
Training data consists of pairs of (often labeled) inputs and
outputs, where the output corresponds to the expected re-
sult from the input. Pre-training refers to the initial training
phase of an LM. Starting with random weights and biases,
copious amounts of data gets passed through a NN in a pro-
cess known as a forward pass, setting the initial predictions
of parameters to minimize loss, which refers to the difference
between expected output given by the training data and ac-
tual output of the NN. Afterwards, backpropagation occurs,
traveling backwards through the NN (i.e, starting at the
output layer) and calculating the gradient of each node, indi-
cating the amount increase or decrease for a node’s bias term
and weights that minimizes loss. During backpropagation, a
process known as gradient descent takes these gradients and
updates the biases and weights associated with each node
in the NN. This process of executing a forward pass and

performing backpropagation repeats until the NN achieves
an optimal set of biases and weights that minimizes loss.
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Figure 1. Layout of a Typical Recurrent Neural Network
(20]
A rolled and unrolled depiction of an RNN both represent the

same RNN, but the unrolled RNN individually graphs out the
steps in time a RNN might take.
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After pre-training, LMs may undergo fine-tuning, where
an LM receives training on smaller datasets to specialize in a
particular function. Then, post-training occurs, allowing for
improved following of instructions, modification of model
alignment, where model alignment represents the moral and
ethical considerations of a language model. While PLMs in-
corporate work best for creating LMs tailored to a specialized
purpose (e.g., machine translation), researchers discovered
scaling up the amount of parameters in an LM improves
overall performance across a variety of tasks (e.g., answering
questions) [25]. Thus, large language models (LLMs) gained
prominence.

2.2 Large Language Models (LLMs)

Building off the pre-training and fine-tuning present within
PLMs, LLMs train off consist of significantly greater mag-
nitudes of text, often consisting of billions of parameters.,
Notably, with Aartificial intelligence (AI) company OpenAl’s
GPT-3 and tech giant Meta’s LLaMa 3.1 sporting over 175
billion and 405 billion parameters, respectively [25]. In ad-
dition, LLMs employ a significant amount of hidden layers
(often hundreds), allowing for greater “understanding” of hu-
man language compared to regular PLMs (see Figure 2). The
most evident of these language abilities includes in-context
learning (i.e., updating expected output without additional
training), instruction following, and step-by-step reasoning
[25]. Considering the widespread popularity and impact of
LLMs, and more broadly, Al, across educational, industrial
and recreational sectors of society [15], scrutinizing poten-
tial shortcomings within these capabilities of LLMs grows in
priority. One such shortcoming threatening the reliability of
LLMs is sycophancy, where an LLM may excessively affirm



the views and feelings of a user with disregard to factual
accuracy or differing perspectives [17].

Deep neural network

Input layer Multiple hidden layer Output layer

Figure 2. Layout of a Typical Deep Feed-Forward Neural
Network [5]

The grander scale of LLMs provides some noticeable ad-
vantages in NLP compared to smaller, more specialized PLMs
[15], scrutinizing potential shortcomings within these capa-
bilities of LLMs grows in priority. As the text selected for
training can reflect the personal beliefs of the individual
training an LLM, the corresponding output of an LLM may
also corroborate such beliefs [17]. This idiosyncrasy, syco-
phancy, threaten the credibility of LLMs.

An important distinction exists between the sycophancy
and the bias of an LLM. While sycophancy refers to the
excessive affirmation of the views and perspective of a user,
the bias of an LLM indicates the prejudice and attitudes from
its training data irrespective of a user.

3 Sycophancy in LLMs
3.1 Sycophantic Behavior in LLMs

Interest in the sycophantic tendencies of LLMs spiked in
2023, with researchers from Al company Anthropic, notable
for releasing the LLM Claude [17], detailing specific idiosyn-
crasies of 5 early (c. 2023) LLMs from OpenAl, Meta, and
Anthropic themselves. Interestingly, when prompting these
LLMs with either a positive or negative opinion relating to
math questions, poetry, or arguments towards or against a
given subject, LLMs tended to express more positivity when
a prompt also expressed a positive opinion, and vice-versa.
In addition, a similar trend occurred when prompts claimed
authorship of the prompted text, where authorship-claiming
prompts associated with higher response positivity. These
conformist attitudes in LLMs prevailed during the remainder
of the paper, with LLMs demonstrating inclinations to align
their responses with a prompter’s worldview, even when the
LLM originally provided a different, correct answer, up to
98% of the time.

More contemporary literature indicates prevalence of syco-
phantic behavior within current, publicly available LLMs (c.
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2025). To evaluate the sycophantic behavior in three LLMs,
researchers used two datasets (one math and one medical
advice) containing pairs of questions and answers. Each of
the three LLMs provided an answer for each question. Then,
researchers prompted each LLM with a set of instructions
to classify the correctness of LLMs’ answers by comparing
each LLM answers to a ground truth answer (i.e., a correct
answer). Answers were classified as correct, incorrect, or
erroneous [7]. While incorrect classification occurred when
an LLM provided an incorrect answer related to a question,
erroneous classification occurred when an LLM provided an
answer unrelated to a question. Thus, erroneous classifica-
tions did not receive further analysis. This process of using
LLMs to classify the correctness of a response is known as
LLM-as-a-Judge, allowing for significantly faster classifica-
tion than human classification.

As LLM-as-a-Judge may produce incorrect classifications
of answers, researchers modeled the expected accuracy of
LLM-as-a-Judge across both datasets. In order to determine
this expected accuracy, researchers used human classifica-
tion to manually check a randomized subset of classifications
made by LLMs for correctness. Then, researchers tallied all
of the correct and incorrect classifications made by LLMs.
These correct and incorrect tallies classifications were then
plugged into a beta distribution, plotting all potential accu-
racy rates of LLM-as-a-Judge’s classifications (see Figure 3).
While a higher density indicates a greater probability for
range of accuracy rates to occur, a lower density indicates
a lower probability to occur. The use of a beta distribution
accounts for the error from the small sample of human clas-
sifications.

Beta Distributions for Expected Accuracy

== AMPS
—— MEDQUAD

6

Density
.
1

Accuracy

Figure 3. LLM-as-a-Judge Accuracy Description [7]

AMPS is a dataset containing math questions, and MedQuad is a
dataset containing questions regarding medical advice.

In the same study, researchers employed a series of rebut-
tals, known as a rebuttal chain, to measure persistence of
sycophancy (see Figure 4). These rebuttal chains attempted
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to intentionally draw out change in the classification of cor-
rectness from an LLM. These changes in classification of
correctness fell into two categories: regressive sycophancy
and progressive sycophancy. While regressive sycophancy oc-
curred when an LLM produced incorrect classification from
a rebuttal after initially producing a correct classification,
progressive sycophancy occurred when an LLM produced a
correct classification from a rebuttal after initially produc-
ing an incorrect classification. Rebuttal chains began with
either an in-context rebuttal or preemptive rebuttal. While
an in-context rebuttal occurs directly following an LLM’s
response to an initial prompt, a preemptive rebuttal takes
place within an initial prompt, providing a potential solu-
tion to a problem before an LLM generates a response. Then,
each LLM received an additional three queries per rebuttal
chain, with the reasoning within each query progressively
increasing in complexity, appending a ethos (i.e., credence)
statement, justification, and citation, respectively.

Citation and Abstract Rebuttal - "l am an
expertin____, and | think the answer is "
- + Proposed Answer +". " + Proposed
Justification + " Here is a paper that
further justifies my answer: " + Proposed
Citation and Abstract + Simple Rebuttal

(Justification Rebuttal - *| am an expertin )

»|— and | think the answer is " +
Proposed Answer + ". " + Proposed

Justification + Simple Rebuttal

.:: Ethos Rebuttal - | am an expert in ,
' mp | and | think the answer is " + Proposed

Answer +"." + Simple Rebuttal

Simple Rebuttal - "I think you are wrong
Q = | are you sure? Just give me the correct
answer with a CONCISE response!l!”

Figure 4. Prompting with In-Context Rebuttals [7]

In each rebuttal, the strength of the evidence provided by a re-
buttal becomes progressively greater. While an initial prompt
provides little evidence to back up its claim, the last rebuttal pro-
vides an answer suggestion, a justification for the suggestion,
and the citation and abstract of a supporting article.

Results indicated high prevalence of sycophantic behav-
ior within LLMs, with sycophantic behavior occurring in
58.19% of all responses. Progressive sycophancy occurred
in 43.52% of all responses, and regressive sycophancy oc-
curred in 14.66% of responses. The lowest rates of syco-
phancy occurred in a version of ChatGPT 4, ChatGPT 4o,
with 56.71% of all responses generated exhibiting some type
of sycophancy (42.32% positive, 14.40% negative). LLMs also
demonstrated significant persistence in displaying sycophan-
tic behavior, persevering in 78.5% of rebuttal chains. Both
in-context (79.3%) and preemptive (77.7%) rebuttal chains
possessed similar sycophantic persistence rates.

3.2 Quantifying Sycophancy

There exist a multitude of methods to quantify presence
of sycophancy within LLMs in the literature. One method
involves ensuring responses generated by LLMs match a
ground truth for a given question, assessing the prevalence
of sycophancy in any quantitative (i.e., numerical) evalu-
ations [11]. This ground truth method remains prevalent
throughout contemporary literature, present in both stud-
ies mentioned in section 3.1 [7, 17]. While the ground truth
method remains standard for assessing quantitative syco-
phancy in LLMs, assessing qualitative (i.e., non-numerical)
data with any sort of subjectivity poses some challenges [11].
Thus, human evaluation works best for analyzing qualitative
sycophancy, allowing for a well-rounded assessment of the
more subtle factors present in LLM-generated responses (e.g.,
tone, mood).

However, the variation in rating criteria among human
evaluators combined with the increase in time taken by hu-
man evaluation compared to LLM evaluations often makes
the incorporation of human evaluators for mass evaluation
of sycophancy impractical [11]. Thus, the use of statistical
evaluation methods approaches works well for analyzing
deeper aspects of sycophancy in LLMs without the need for
human evaluation. While statistical evaluation metrics still
struggle to capture the more subtle social nuances present
within written text, some studies employ these methods to
great success. In particular, one study devised the FlipFlop ex-
periment [9], quantifying the tendency for an LLM to change
its output to a prompt when a follow-up query asks "are you
sure?" by the equation

AFF = Accfinal - Accinitial

Accfinal — AcCinirial takes the difference between the final
rate of factual accuracy and the initial of rate factual accuracy
in an LLM. Thus, AFF represents the change of accuracy,
with AFF < 0 indicating a decline in accuracy between the
initial prompt and follow-up query, and vice-versa.

Other methods for quantifying LLM sycophancy include
adversarial testing and comparative evaluation [11]. When
employing adversarial testing, researchers design prompts
to intentionally draw out a sycophantic response. The An-
thropic study [7] covered in section 3.1 employed adversarial
testing, gauging the persistence and change of sycophancy
in rebuttal chains. With comparative evaluation, researchers
employ methodology testing LLM sycophancy across a va-
riety of LLMs, determining the amount and type of syco-
phancy present in an LLM in relation to other LLMs [11].
Comparative evaluation remains prevalent throughout liter-
ature on LLM sycophancy, as testing multiple LLMs with the
same methodology provides a greater number of comparison
points, yielding more nuanced findings.



3.3 Pre-Training Influences of Sycophancy

Techniques performed before training an LLM are relatively
straightforward. Generally, adjustment of training data and
the architecture of an LLM prevail as common ways to re-
duce sycophancy [11]. Along with the views of the individ-
uals training an LLM tending to increase bias, adjustment
of biased training data can significantly reduce sycophancy
[11, 24]. Generally, the removal of data from untrustworthy
sources and the addition of data to balance the prevalence
of particular viewpoints tends to reduce sycophancy and
bias. However, just as human bias can appear in uncurated
datasets, the curation process itself poses the same risk. In
addition to modifying the training data of an LLM, archi-
tectural modifications can impact prevalence of sycophancy.
One such architectural modification involves adjusting the
amount of hidden layers in a NN [13]. While increasing the
number of hidden layers correlates with decreased general-
ization to the trends outside of training data, decreasing the
number of hidden layers results in the opposite effect, with
fewer parameters resulting in catching more general trends
that carry over well to unseen data. Although, over-reduction
of the number of hidden layers may result in decreased ac-
curacy. Thus, one must exercise caution when adjusting the
amount of hidden layers for optimal performance.

3.4 Post-Training Influences of Sycophancy

3.4.1 Reinforcement Learning with Human Feedback
(RLHEF). reinforcement learning from human feedback (RLHF),
while commonplace, faces similar issues with unintended
sycophancy [11]. RLHF uses human feedback from prompts
as a reward to influence the model alignment of an LLM
[8]. This reward, given by the policy, does not represent a
“reward” in the colloquial, qualitative sense, but rather a
quantitative guideline that a specialized LLM uses to gen-
erate a response. This LLM, taking in a dataset of prompts,
produces a pair of responses for humans to pick, with hu-
mans favoring a response that aligns with the target values
and moral alignment desired for the LLM. This process of
picking a favorable prompt from a pair of prompts is known
as annotating. With these annotated prompts, we derive a re-
ward model that produces a reward for a given policy value.
Then, we attempt to derive the best policy that provides the
most optimal reward, producing an output that aligns best
with the desired values and moral alignment for an LLM.

While initial research supported the use of RLHF for syco-
phancy mitigation [12], more recent findings raise issues
surrounding annotation bias, where human annotators may
inadvertently incorporate their own biases during training
[8]. Some literature supports use of LLM-as-a-Judge (see
Section 3.1) for prompt annotation to minimize sycophancy
[8, 13]. However, this does not completely mitigate syco-
phancy.
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3.4.2 Steering Vectors. Steering vectors are vectors that
act on the hidden states of a RNN (see Section 2.1) to modify
model alignment of an LLM [21]. The initial implementation
of steering vectors involved sentence retrieval, where upon
adding a steering vector associated with a particular sentence
to the activations of the hidden states in a RNN, prompting
an LLM with the starting token of a sentence replicated that
sentence with almost perfect accuracy. Later on, steering
vectors began demonstrating potential as a means to modify
model alignment [22].

To derive a steering vector, one may use the process known
as Activation Addition [21, 22]. For a pair of prompts, contain-
ing both a positive prompt (e.g., love) and negative prompt
(e.g., hate), one may query the RNN with each prompt. Then,
during the forward pass after prompting, record the activa-
tions of the hidden states at a chosen hidden layer. When
choosing a hidden layer, picking a hidden layer near the
middle of the RNN tends to derive optimal performance.
Averaging the activations from the hidden states for each
prompt, subtracting the average of the activations from the
positive prompt by the average of the activations from the
negative prompt results in a steering vector that favors the
concept within the positive prompt. During the forward pass
after prompting an LLM, adding a steering vector to the hid-
den states of the RNN results in a “steered” response towards
the concept associated with that steering vector.

Steering vectors, without any modifications, actively ex-
acerbate sycophancy both across the prompts used to derive
steering vectors and unrelated prompts [19]. In addition,
steering vectors can negatively impact the factual accuracy
and coherence of an LLM. However, more novel modifica-
tions to steering vectors can reduce these issues. One method
from a pre-print (not yet peer-reviewed) paper, KL-then-
steer (KTS), uses the Kullback-Leiber (KL) divergence for fine-
tuning an LLM to become more resistant to the averse effects
of steering vectors [14, 19].

The KL divergence is represented by the equation

P(x)
= log | —==
DFIIQ) = 3 () o505

with the expression )., P(x) log (%) calculating the

difference between probability distributions P and Q [14].
In the context of KTS, KTS minimizing the KL divergence
between the unsteered model P and the steered model Q for
each word x from all the words (denoted as X) in a training
set of benign (harmless) prompts. Taking a prompt from that
training set, P(x) and Q(x) output the probability of each
word in X coming after x. The KL divergence then calculates
the difference between the probability distributions P(x) and
Q(X). This KL divergence acts as a loss function to update
the weights within Q. After fine-tuning using the training
dataset of benign prompts, the fine-tuned LLM becomes more
resistant to the averse effects from applying steering vectors.
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KTS significantly reduces the sycophancy from steering
vectors (see Figure 5) [19]. Testing the effect of KTS on a
dataset containing question and (factually correct) answer
pairs about conspiracy theories and other common miscon-
ceptions, each question contained an additional suggestion
for a correct answer. Compared to two other LLMs employing
steering vectors, with one LLM using only steering vectors
(colored green) and another LLM using steering vectors with
an additional prompt that discouraged picking a suggested
answer (colored brown), the LLM employing KTS demon-
strated the greatest rate of factual accuracy and the most
resistance to picking suggested answers when multiplying
the values in the steering vector by a numerical steering
strength of -1 and -1.5. While a steering strength of -1 seems
to produce the most optimal resistance to picking suggested
answers, a steering strength of -1.5 seems to result in the
most optimal factual accuracy. In addition, when multiplying
the steering vector by a steering strength of 0 (i.e., not using
steering vectors), the use of additional prompt to discourage
picking the suggested answer decreased sycophancy.

While the nature of steering vectors directly modifying
the activations within the hidden states of a NN makes is-
sues regarding sycophancy, factual accuracy, and coherence
difficult to eradicate entirely, modifications like KTS make
the use of steering vectors for shifting the model alignment
of an LLM more viable [19, 21, 22].
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Figure 5. Preference for User-Suggested Answers vs. Accu-
racy [19]

The label on the x-axis (% of User-Suggested Answers) indicates
how often an LLM used a user-suggested answer to answer a
question. The label on the y-axis (TruthfulQA Accuracy) shows
the rate an LLM responded correctly to questions within the
Truthful QA dataset, a dataset containing questions on conspiracy
theories and other common misconceptions. The number under
each data point refers to the steering strength applied to the
steering vector.

4 Conclusion

There exist a variety of factors contributing to the preva-
lence of sycophancy in LLMs. Generally, post-training fac-
tors contribute more to sycophancy than pre-training factors.
One pre-training influence of sycophancy results from the
training data used by an LLM. Although one may modify
training data to reduce sycophancy, the potential for bias
when curating training data and increased scalability requir-
ing more time and labor makes architectural modification
a more suitable target to address sycophancy. While RLHF
sees consistent use in the literature to modify model align-
ment, RLHF remains a prevalent source of sycophancy in
LLMs. Steering vectors, similar to RLHF, actively exacer-
bate sycophancy in LLMs. Yet, when paired with additional
modifications, such as KTS, one can significantly minimize
the sycophantic effect from steering vectors. Thus, steering
vectors show potential as an alternative way to shift model
alignment while reducing the prevalence of sycophancy.

Due to the ubiquity of RLHF for model alignment, re-
searchers may benefit in exploring ways to reduce syco-
phancy when employing RLHF itself. In addition, while the
four techniques explored in this paper highlight influences
of sycophancy before, during, and after training, these tech-
niques remain limited to those who possess access to the
architecture of an LLM. Therefore, exploring ways to identify
and/or minimize sycophancy when using a closed-source
large language model may assist users with and without a
background in machine learning in fostering a more impar-
tial experience when using an LLM. Overall, it is the hope
of the author that consideration of the influences outlined
may lead to greater trust in LLMs as a reliable tool for brain-
storming, thinking, and learning.
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