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in multimodal models’ conceptual hierarchies
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Abstract

Humans tend to privilege an intermediate level of categorization,
known as the basic level, when categorizing objects that exist in
a conceptual hierarchy (e.g. choosing to call a Labrador a dog
instead of Labrador or animal). Domain experts demonstrate
a downward shift in their object categorization behaviour,
recruiting subordinate levels in a conceptual hierarchy as readily
as conventionally basic categories (Tanaka & Philibert, 2022;
Tanaka & Taylor, 1991). Do multimodal large language models
show similar behavioural changes when prompted to behave
in an expert-like way? We test whether GPT-4 with Vision
(GPT-4V, OpenAl, 2023a) and LLaVA (Liu, Li, Wu, & Lee,
2023; Liu, Li, Li, & Lee, 2023) demonstrate downward shifts
using an object naming task and eliciting expert-like personas
by altering the model’s system prompt. We find evidence
of downward shifts in GPT-4V when expert system prompts
are used, suggesting that human expert-like behaviour can be
elicited from GPT-4V using prompting, but find no evidence
of downward shift in LLaVA. We also find that there is an
unpredicted upward shift in areas of non-expertise in some
cases. These findings suggest that in the default case, GPT-4V
is not a novice: instead, it behaves at default with a median
level of expertise, while further expertise can be primed or
forgotten through textual prompts. These results open the door
for GPT-4V and similar models to be used as tools for studying
differences in the behaviour of experts and novices, and even
comparing contrasting levels of expertise within the same large
language model.
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Introduction

When presented with a concept that can be conceived of at
multiple levels of abstraction (e.g., animal, dog, labrador), hu-
mans preferentially categorize objects at an intermediate level
(e.g. dog). This effect, known as the basic-level advantage, has
been observed across tasks such as object recognition, object
naming and feature listing (Rosch, Mervis, Gray, Johnson, &
Boyes-Braem, 1976).

Which level of abstraction is considered as basic varies
among individuals as a result of their knowledge and experi-
ence. An individual’s cultural context may affect their knowl-
edge and experience: Tzeltal Mayan children of Southern
Mexico who lived in agrarian cultures tended to categorize
trees by their folk genera (Dougherty, 1978), while Ameri-
can children in an urban environment tended to use the more
general family level as the basic level (Rosch et al., 1976).
Similarly, domain experts tend to show a downward shift in
the categories they use as basic within the area of their exper-
tise (Gauthier & Tarr, 1997; Johnson & Mervis, 1997; Rota &
Zellner, 2007; Tanaka & Taylor, 1991). For example, while
experienced birdwatchers predominantly used the label Dog to

name pictures of collies and labradors, they used more specific
labels like Robin and Crow to name pictures of birds (Tanaka
& Taylor, 1991). Experience with performing classification
tasks may also be implicated in downward shift, as performing
perceptual classification at the species level instead of mere
visual exposure allowed bird experts to identify novel bird
species more accurately (Tanaka, Curran, & Sheinberg, 2005).

Language models are trained to predict text over a large
corpus of input documents. Often, these texts vary greatly in
their cultural and knowledge domains, levels of expertise, and
audience. Yet, models like GPT-4-Vision (GPT-4V) (OpenAl,
2023a) and LLaVA (Liu, Li, Wu, & Lee, 2023; Liu, Li, Li, &
Lee, 2023) that are trained on such varied corpora have demon-
strated the ability to perform tasks requiring domain expertise,
such as passing AP tests (OpenAl, 2023b), annotating legal
texts (Savelka, Ashley, Gray, Westermann, & Xu, 2023) and
annotating medical images (Yang et al., 2023).

Although language models can perform reasonably well
on downstream tasks, it is unclear whether they demonstrate
expertise in a human-like way. This paper explores whether
multimodal instruction-tuned models can be prompted to be-
have like a human expert on a behavioural measure of exper-
tise by demonstrating downward shift in the basic level when
prompted to display expertise.

We test whether a model’s system prompt, a preamble that
constrains an instruction-tuned model’s style of response, can
be used to elicit expert-like effects in an object naming task!.
We show that using system prompts does elicit downward shift
in expert categories for GPT-4V but not LLaVA, providing
a behavioural indicator of expertise beyond performance on
downstream tasks. However, we also find that using expert
system prompts can result in an unexpected upward shift
in categories of non-expertise, where the model uses more
basic-level labels for dogs when prompted to behave like a
bird expert than it does in the default case.

Methods

Large language models can be instructed to role-play as agents
(e.g., Andreas, 2022; Shanahan, McDonell, & Reynolds,
2023). Using a system prompt outlines the context and man-
ner in which the model should respond, and can constrain
the content and style of a model’s output, e.g., to produce
text in the style of Shakespeare (Bushwick, 2023). Models
augmented using an expert persona in such a manner produce

Code available at http://github.com/craaaa/expertise






