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Abstract

Large Language Models (LLMs) are often used in
autonomous decision-making, where they have to
sample options from vast action spaces. Here we
present a summary of the work studying the heuris-
tics that guide this sampling process and show it
resembles that of human decision-making: com-
prising a descriptive component (reflecting statis-
tical norm) and a prescriptive component (implicit
ideal encoded in the LLM). We show that the devi-
ation of a sample from the statistical norm towards
a prescriptive component consistently appears in
concepts across diverse real-world domains. To
further illustrate the theory, we demonstrate that
concept prototypes in LLMs are affected by pre-
scriptive norms, similar to the concept of normality
in humans. This finding has implications in LLM
based agentic systems, explaining their exploration
behavior and biases in decision making.

1 Introduction

When confronted with action spaces that are too large for
exhaustive evaluation, intelligent agents including humans,
animals, and machines resort to heuristics to guide their
choices [Gigerenzer and Gaissmaier, 2011]. This pattern is
clearest in complex decision making games. For instance,
a typical ‘chess’ midgame admits a large number of legal
moves, yet strong players seriously consider only a hand-
ful [Gobet and Simon, 1996]. Alpha-Go does the same for
‘Go’: its policy network prunes a vast action space down to a
handful of candidates before a deliberate search begins [Sil-
ver et al., 2016]. In this paper we present the summary
of [Sivaprasad er al., 2025] that studies the key question, what
guides the sampling heuristics of Large Language Models
(LLMs)?

TThis is an extended abstract of the paper A Theory of Re-
sponse Sampling in LLMs: Part Descriptive and Part Prescrip-
tive [Sivaprasad et al., 2025].

We define response sampling as the process by which the
LLM agent probabilistically selects outputs from a distribu-
tion of potential options (refer to glossaries in [Sivaprasad et
al., 2025] for all formal definitions). The heuristics of sam-
pling in humans and animals are guided by possibility (how
statistically likely an option is) and utility (the value associ-
ated to the option) [Bear er al., 2020; Mattar and Daw, 2018].
We show that sampling heuristics in LLM is driven by a de-
scriptive component (the statistical norm of the concept) and
a prescriptive component (a notion of an ideal of the concept).
A descriptive component represents what is statistically likely
for a concept, reflecting the probability of options. A pre-
scriptive component is an implicit standard of what is consid-
ered ideal, desirable, or a valued option of a concept.

We design a critical experiment to isolate the effects of the
proposed theory. We then show the effects of this heuristic
appearing consistently across diverse real-world domains. As
illustrated in Figure 1, the proposed theory implies that the
samples picked by the LLM, for a concept, not only reflects
the statistical regularities of the concept (descriptive norms)
but also systematically incorporates an idealized version of
the concept (prescriptive norms).

In humans, concept prototypes incorporate a prescriptive
value-based component [Barsalou, 1985]; for example, al-
though many chairs in the real world may be uncomfortable,
damaged, or poorly designed, a prototypical chair is typically
imagined as stable, comfortable, and suitable for sitting. We
conduct an initial investigation in this direction, and the anal-
ysis suggests that LLM prototypicality reflects both descrip-
tive and prescriptive components. We hypothesize a connec-
tion between this structure and their sampling behavior.

The prescriptive component in LLM sampling may help
explain several observed phenomena in LLM behavior. For
instance, it may underlie the well-known tendency of LLMs
to act greedily, favoring options that maximize immediate re-
ward even when better long-term outcomes are available [Kr-
ishnamurthy ez al., 2024]. Similarly, many LLM biases can
be interpreted as arising from the interaction between statisti-
cal norms and prescriptive norms during sample selection.
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Figure 1: From left to right: when sampling on a concept, the LLM appears to account for the statistical likelihood (A(C')) and prescriptive
norm ([(C)) of the concept. Consequently, the sample distribution exhibits a shift (shown as «) away from the true distribution in the

direction of the ideal (right most plot).

2 Theory of LLM Sampling

When faced with numerous possible actions, where deliber-
ating on each option is computationally prohibitive, humans
inherently resort to forming a finite consideration set of op-
tions using heuristics [Phillips et al., 2019]. Cognitive studies
characterize this heuristic-based filtering as ‘System-1’ think-
ing: fast, automatic, and intuition-driven [Kahneman, 2011;
Gigerenzer and Gaissmaier, 2011]. Such heuristics effec-
tively reduce the cognitive load on deliberative processes
(‘System-2’), by selecting a manageable subset of options for
further deliberation. In humans, these heuristics are guided
primarily by two factors: the statistical likelihood of options
and their perceived value [Bear er al., 2020].

In LLMs, reasoning mechanisms such as CoT [Wei et al.,
2022] and other explicit reasoning models like GPT-03 [Ope-
nAl, 2024] and Deepseek-r1 [Guo ef al., 2025] are likened
to explicit deliberation (‘System-2’), while the default mech-
anism is likened to heuristics driven ‘System-1” [Li ef al.,
2025]. Hence, understanding the heuristics driving their sam-
pling is key to explaining their performance. We examine
the sampling mechanisms of LLMs in the light of this human
cognitive theory and propose a theory for LLM sampling:

Sampling of an LLLM is driven by descrip-
tive component (the statistical norm of
the concept) and a prescriptive compo-

nent (a notion of an ideal of the concept).

In humans, these two components of thought is hypoth-
esized to originate from them being goal-driven agents and
engaging in value maximization [Bear and Knobe, 2017]. On
the other hand, the underlying auto-regressive mechanism of
LLMs is not goal-driven, it is non-trivial how the sample has
a prescriptive component.

2.1 Sampling in Relation to a Novel Concept

The proposed theory calls for a rigorous validation and for
this we use an established framework used in humans [Bear
et al., 2020] and further scale it for more evidence. In this

setting, we introduce a novel concept C to the LLM and sam-
ple options on this concept.. We define both the descriptive
and prescriptive components of this concept, manipulate them
systematically, and measure how the output samples varies
with the two varying components. Choosing a novel con-
cept helps to eliminate potential confounding effects associ-
ated with using pre-existing concepts embedded in the LLM.

To establish a statistical baseline for concept C, we use
numbers from a Gaussian distribution with mean C,, (and
known variance). The LLM is provided with N samples from
this distribution representing possible options associated with
concept C. To ensure the reliability of the baseline, N is cho-
sen to be sufficiently large that the mean of the input samples
closely approximates C,. Following this, to establish a pre-
scriptive norm C', on the concept C, we associate each of the
N options with a value component, represented by a grade.

We run the experiment with the following setting for C,,:
a higher value being ideal, a lower value being ideal, and a
control experiment having no explicit ideal direction. Based
on the input (the N samples along with the corresponding
grades), we prompt the LLM to provide a sample for the con-
cept C. We denote this sample reported by LLM on concept
C as S(C). By systematically changing C,, and C,, and keep-
ing the rest of the prompt same, we study the corresponding
change in samples S(C').

For each €, and C,, in independent contexts (i.e.,
prompts), we repeat the procedure M times to obtain a sam-
ple distribution. We keep the value of M the same as [V in all
variants of the experiments to compute statistical significance
of the shift in input and sample distribution. If the sample is
driven solely by the descriptive norm (statistics of the input
samples), the distribution of samples S(C') is expected to be
statistically similar to the input distribution.

The difference between input samples and the samples re-
ported by LLM might occur also due to the error in approx-
imating the statistics of the input samples, i.e the LLMs’ in-
ability to ‘understand’ the statistics of the distribution. To
exclude this possibility, we instruct the LLM to report the av-
erage of the distribution. We denote the reported average by
A(C). Across all experiments, we observe that C, = A(C),
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indicating that the LLM reliably approximates the statistics
of the input distribution.

We apply the Mann-Whitney U test to compare the distri-
bution of samples S(C') with (a) input distribution and (b)
distribution of reported averages A(C). For each concept,
C, we calculate the Mann-Whitney U statistic and the corre-
sponding p-value. If p < 0.05, there is a significant difference
between the evaluated distributions. We vary the direction of
C,, and demonstrate that the change in samples’ mean (mean
of S(C)) corresponds to the change in C,,. As a sanity check
we do this experiment without any grades to show that the
LLM can indeed approximate the input distribution. This val-
idates that the deviation of sample towards ideal is indeed a
heuristics of the LLM and not an error in approximation.

Setup. To recreate the human experiment we first follow a
limited framework. To setup the statistical norm, we confine
the options to a Gaussian of mean 45 and a standard deviation
of 15. We repeat the experiment with a bi-modal Gaussian
distribution with modes at 35 and 65 and a standard deviation
of 5. The protocol of the two experiments are the same.

We evaluate the value system C, in three levels of valence:
(a) positive, (b) negative, and (c) neutral (control experiment).
For the positive C,,, the grades are assigned such that the
higher units get a better grade, and for the negative value sys-
tem, the grades are assigned such that the lower units get a
better grade (on the same scale). Please refer the full paper
for the exact prompt protocol [Sivaprasad et al., 2025]. Then
we ask the LLM to sample a value.

A shift between input distribution and sample distribution
can be explained as the error of LLM in approximating the
statistics of the input distribution. To exclude this alterna-
tive explanation, we compute the significance in the shift of
generated samples (S(C)) from the average reported by the
LLM (A(C)). In the neutral control experiment, we assign
the mean C, with the highest grade and lower grades for in-
creasing distance from the mean. We run the experiment for
positive, negative, and control settings a hundred times each.

Results. Table 1 shows the result for the mean of the hun-
dred runs for the uni-modal and bi-modal input distributions,
each with three different C',. Firstly, across the six settings,
A(C) approximately coincide with the true distribution av-
erage (C,, = 45). For a neutral prescriptive norm (also for
no prescriptive norm as shown later), S(C) ~ A(C) = C,,
and the input distribution and S (C') do not differ significantly,
p = 0.52. Given the non-significant difference (p = 0.52),
the result is consistent with the hypothesis that sampling re-
flects the input distribution’s statistical properties when no
“ideal” is specified. When C), is positive, the mean of sam-
ples is higher than the mean of the LLM-generated average.
Also for negative C,,, the mean of samples is lower than the
mean of the LLM-generated average. For instance, in the uni-
modal scenario, the mean S(C') for negative and positive C,
are 36.5 and 46.7 respectively.

When C, is positive, the distribution of S(C') and distri-
bution of A(C) are significantly different, with p= .003, and
for a negative C,,, p< .001. This shows that the sample is
not solely driven by the statistics of the input distribution,
but also the prescriptive norm of the concept.

uni-modal bi-modal
AC) S(C) A(C) S(O)
C_v: +ve 4494 46.72 4497 4743
C_v: -ve 4499 36.50 45.03 41.26
C_v: control 45.01 4495 4494 44.95

Table 1: The table shows the change in mean of samples (mean of
S(C)) and the mean of reported average (mean of A(C')). For these
experiments C), = 45.

We conduct several robustness checks to verify that the ob-
served shift in S(C') is not an artifact of a particular distri-
bution, prompt, or novel fictional concept. We vary the input
mean C,, over a wide range and find that the reported av-
erage A(C') remains close to C,,, while the sampled value
S(C) consistently shifts away from A(C) in the direction
of the prescriptive norm C,. As controls, we assign either
no grades or random grades to the input samples, which pro-
duces no significant shift between the input distribution and
S(C) (p= 0.51 and p= 0.52, respectively). Finally, we scale
the experiment by varying C,, from 45 to 845 and assign-
ing eight different peak-ideal grading schemes for each mean;
across these settings, .S(C') consistently moves from the de-
scriptive component toward the prescriptive component.

2.2 Sampling on Real-World Concepts

We next test whether the proposed theory extends beyond
constructed settings to concepts already encoded in the LLM.
We evaluate five hundred existing concepts across ten do-
mains. Unlike the novel-concept setting, the statistical norm
C, and prescriptive norm C, of an existing concept C' are la-
tent and cannot be directly specified. We therefore estimate
three quantities through independent prompts: the model’s
reported average value A(C), its reported ideal value I(C),
and its sampled value S(C).

If sampling is influenced only by statistical likelihood,
S(C) should align with A(C'). In contrast, the proposed the-
ory predicts that S(C') will systematically shift from A(C)
toward I(C'). We test this by counting the number of con-
cepts for which S(C) falls on the ideal side of A(C') and
applying a binomial test under the null hypothesis that this
occurs with probability 0.5. This setup follows related hu-
man studies on sampling and normality [Bear et al., 2020;
Phillips et al., 2019; Bear and Knobe, 2017], but scales the
analysis to a broader set of concepts and LLMs.

Results. In GPT-4, for each concept, we run the three
prompts ten times with a temperature of 0.8. Prompts failed
for 10 concepts and the value of A(C) and I(C) were the
same for 46 concepts. For the rest of the concepts, we ob-
serve that 304/444 samples fall on the ideal side of average.
This gives a statistical significance of 5.06 x 107!, a very
high statistical significance, reducing the likelihood of the
result being due to chance. The result gives strong evidence
to the proposed theory.

The full results of the experiment are in [Sivaprasad et al.,
2025]. Except for the Llama-2-7b base, all the other LLMs
show a statistically significant deviation towards the prescrip-
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tive norm and even this model is only marginally insignifi-
cant.

3 Prescriptive Component in Concept
Prototypes

One of the basic characteristics of System-1 is that it rep-
resents concepts with prototypical examples [Kahneman,
2011]. In humans, though a prototype is often understood
as the most typical/representative member of a concept [Mur-
phy, 2004], they are found to embody both statistical regu-
larities and goal-oriented ideals within a concept [Barsalou,
1985]. For instance, a ‘Robin’ might be considered a proto-
type of the concept ‘Bird’, as it shares many common features
with most birds with high occurrence (statistics), and has the
ability to fly (a value expected of birds), making it a prototyp-
ical example of the concept ‘bird’ [Smith and Medin, 1981].
For this reason, penguin-a flightless bird, is less prototypical
bird than ‘Robin’.

Unlike humans, it is not clear whether LLMs rely on con-
cept prototypes for sampling. But since the sampling heuris-
tics of LLMs converge with humans, it is interesting to inves-
tigate concept prototypicality in LLMs. We do not claim that
LLMs output is prototype driven, but make an initial explo-
ration in this direction using the exact setting as in [Bear and
Knobe, 2017].

We use eight concepts, and for each concept C, six dif-
ferent exemplars. Exemplars are short descriptions of items
of a concept. For instance, for the concept of ‘High-school
teacher’, the first exemplar is as follows: ‘A 30-year-old
woman who basically knows the material she is teaching but
is relatively uninspiring, boring to listen to, and not particu-
larly fond of her job’.

As in the previous section 2.2, we check whether the pro-
totypicality rating of the concepts falls on the ideal side of
the average. To test significance, we do a binomial test
across concepts to check if LLMs conception of prototypes
has a prescriptive component. The details of evaluation are
in [Sivaprasad er al., 2025]. We run this experiment ten times
on GPT-4 with a temperature of 0.8 and aggregate results for
each concept, averaged across exemplars in Table 2. The re-
sults show a significant effect of a prototype score falling on
the ideal side of the average (binomial p < 0.001).

Evaluating across different LLMs, we obtain the follow-
ing results: Llama-3-7b (binomial p = 0.003), Mixtral-8x7B
(binomial p = 0.05), GPT3.5-turbo (binomial p < 0.001),
Claude (binomial p < 0.001), Mistral (binomial p = 0.0019),
indicating the effect of prescriptive norms in prototypes of
concepts. The complete set of results for every exemplar is
given in the full text [Sivaprasad er al., 2025]. This experi-
ment is an initial exploration, finding that LLMs’ concept of
prototypes is influenced not only by statistical averages but
also by an underlying prescriptive norm. These findings sug-
gest that the LLM’s judgment of what constitutes a typical
or prototypical example is systematically biased toward ide-
alized representations calling for further investigations in this
direction. Sampling driven by such prototypes may lead the
LLM towards stereotypical outputs, systematically disadvan-
taging less typical but valid instances.

Concept ‘ Average Ideal  Prototype
High-school teacher 2.75 3.66 3.86
Dog 3.08 3.83 3.86
Salad 4.5 4.5 5.44
Grandmother 4.16 4.66 4.75
Hospital 291 3.5 3.55
Stereo speakers 2.92 4.16 3.61
Vacation 3.08 4.75 4.63
Car 2.58 4.083 4.11

Table 2: Concepts and scores averaged across exemplars showing
how the prototypical score doesn’t coincide with just the average
but also has an ideal component.

4 Discussion

Our findings suggest that the prescriptive component in LLM
sampling is not merely an experimental artifact, but may pro-
vide a broader explanatory lens for several observed behav-
iors in LLM-based agents. One important implication con-
cerns exploration in agentic systems. Prior work has shown
that LLMs can exhibit greedy behavior in sequential decision-
making, favoring actions that appear immediately rewarding
over actions that maylead to better long-term outcomes [Kr-
ishnamurthy et al., 2024]. Our theory offers a possible in-
terpretation of this phenomenon: the model’s samples may
be biased toward locally ideal or immediately valuable op-
tions. In this sense, prescriptive norms may act as a heuristic
shortcut that narrows the action space, but can also reduce
exploration and lead to short sighted decisions.

This perspective also provides a way to understand biases
in LLM outputs. Many biases may arise not only from the
statistical regularities learned from data, but also from the
prescriptive norms that shape which samples are preferred
among statistically plausible options. For example, when
sampling about social, medical, or economic concepts, the
model may combine what is common with what it implicitly
treats as ideal. If these implicit ideals are misaligned with hu-
man values, domain-specific requirements, or diverse social
perspectives, the resulting outputs can become systematically
biased. Thus, the ethical concern is not only that LLMs re-
produce descriptive biases from data, but also that they may
introduce additional deviations through prescriptive prefer-
ences encoded in their sampling behavior.

5 Conclusion

In this paper, we set out to better understand the heuristics
governing possibility sampling process of LLMs. Based on
human cognitive studies, we propose a theory that explains
the sampling heuristics to be part descriptive and part pre-
scriptive. However, the exact prescriptive component might
not be aligned with humans. As LLMs continue to be
integrated into real-world applications, understanding their
decision-making heuristics becomes increasingly important.
Our results provide a foundational framework for evaluat-
ing how LLMs balance statistically probable outcomes with
norms of ideality, raising interesting questions about their un-
derlying representations.
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Ethical Statement

This paper investigates the sampling heuristics of LLMs, re-
vealing a prescriptive bias that may impact decision-making
in real-world applications. While such biases could align
outputs with certain normative expectations, they raise eth-
ical concerns as there is no guarantee of such an alignment.
This is particularly important in contexts like healthcare and
policy-making, where fairness and transparency are critical.
Understanding and mitigating these biases is essential to pre-
vent unintended harm and ensure the responsible deployment
of LLMs.

Furthermore, we hypothesize that this prescriptive norm
acts as a foundational bias in other biases found in LLMs like
gender, demography, etc., which could be looked at through
the lens of value. Since there are no guarantees on the ideals
of LLMs, LLM sampled options can appear with different bi-
ases under different concepts/domains. This raises important
ethical concerns, potentially leading to outputs that do not
reflect (a) real-world norms or (b) diverse perspectives. Ad-
dressing the influence of prescriptive norms is essential for
developing transparent, reliable, and fair Al technologies, en-
suring they contribute positively and ethically across various
societal applications.

As a final remark, we would like to emphasize that we do
not intend to contribute to “humanizing” AI/LLMs in the way
we use terminology. Instead, our contribution is intended to
show behavioral parallels which can have an impact on down-
stream tasks.
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