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LLMs are generally not reflective
of human-like behavior

Research Question

shows that popular open and
commercial LLMs generally fail
to reflect human-like behavior,
particularly in models that have
undergone RLHF. Furthermore,
even if a model shows a
significant change in the same
direction as humans, we find that
they are sensitive to
perturbations that do not elicit
significant changes in humans.
These results highlight the
pitfalls of using LLMs as human
proxies, and underscore the
need for finer-grained
characterizations of model
behavior

Research Question

Findings

2.1 Dataset generation

2.2 Collecting LLM responses

2.3 Analysis of LLM responses

3.1 General trends in LLM
behavior

3.2 Comparing base models with
their modified counterparts

when people are more confident
about their opinions, they are
less likely to be affected by these
question modifications

whether LLMs can replicate the
opinions of a certain population.

The ability to replicate human
opinion distributions is not
indicative of how well an LLM
reflects human behavior
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In what ways do large language

like behavior, and in what ways
do they differ?
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(1) LLMs do not generally reflect

Furthermore, unlike humans,
models are unlikely to show
significant changes due to bias

human-like behaviors as a result
of question modifications

,
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(2) Behavioral trends of RLHF-ed
models differ from those of
vanilla LLMs

(3) There is little correspondence
between exhibiting response
biases and other desirable
metrics for survey design

We selected LLMs to evaluate
based on multiple axes of
consideration: open-source
versus commercial models,
whether the model has been
instruction fine-tuned, whether
the model has undergone
reinforcement learning with
human feedback (RLHF), and the
number of model parameters.

models, which include variants
of Llama2 [29] (7b, 13b, 70b),
Solar3(an instruction fine-tuned
version of Llama2 70b) and
variants of the Llama2 chat family
(7b, 13b, 70b), which has had
both instruction fine-tuning as
well as RLHF [29], along with
models from the GPT series [30]
(GPT 3.5 turbo, GPT 3.5 turbo
instruct).

(1) no model aligns with known
human patterns across all biases,
and (2) unlike humans, all

significant changes to non-bias
perturbations, regardless of
whether it responded to the bias
modification itself

. J

the base models are more likely
to exhibit a change for the bias
modifications, especially for
those with changes in the
wording of the question like
acquiescence and allow/forbid.
An interesting exception is odd/
even, where all but one of the
RLHF-ed models (3.5 turbo
instruct) have a larger positive
effect size than the Llama2 base
models. Insensitivity to bias
modifications may be more
desirable if we want an LLM to

simulate a “bias-resistant” user,
but not necessarily if we want it
to be affected by the same
changes as humans more
broadly.
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RLHF-ed models are more

changes than their vanilla
counterparts

i\ J

RLHF-ed models tend to show
more significant changes
resulting from perturbations.
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we explore the relationship
between how well a model
reflects human opinions and the
extent to which it exhibits
human-like response biases

modifications if they are more
uncertain with their original
responses.

r
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RLHF-ed models demonstrated
less significant changes to
question modifications as a
result of response biases but are
more affected by non-bias
perturbations, highlighting the
potential undesirable effects of
additional training schemes.

RLHF-ed models tend to show a
larger magnitude of effect sizes
among the non-bias
perturbations.



marginnote3app://note/2904D112-C375-464F-8A33-A4482138470B
marginnote3app://note/BBDF7638-5609-4D59-923C-87E8EA87C966
marginnote3app://note/68BF6CC2-A2F1-4A5B-B80C-CE8C108B5CA5
marginnote3app://note/D6B343F4-3C57-4C0C-871D-7D2161EB6E8E
marginnote3app://note/10A367FE-CA51-401E-A402-6971D27987FE
marginnote3app://note/EA808B2A-0FF6-445F-9FDC-B210F1A378C4
marginnote3app://note/D6420008-D09C-4C7A-90A5-A3570BAA2CEC
marginnote3app://note/7A5A5BE0-7B3B-40A8-A09B-A2CFA7157DD4
marginnote3app://note/386E2083-D3AA-4B4E-8F19-60A51EE2064E
marginnote3app://note/4EFA3074-5B65-4741-B503-7E552F6E3F12
marginnote3app://note/950D6A13-0931-4847-920F-59824297A7D2
marginnote3app://note/0DE94F74-CBB0-4285-906C-2B912E81034E
marginnote3app://note/FCAEDAF8-A085-43AE-AADA-FA6849EEE2AA
marginnote3app://note/B5D59A46-216F-4F06-A9A8-0EBDD9257A48
marginnote3app://note/63773EF5-B118-40BF-948E-E046EFC75F3F
marginnote3app://note/3514CE02-02E1-459E-9856-E58BDD76A491
marginnote3app://note/96717C77-8B2F-4321-A68F-FFD005E26A6F
marginnote3app://note/FC29EE2D-397A-4D63-93E4-0AA638FE25B0
marginnote3app://note/CF7CAB4B-C740-476F-B0D8-9FD23B6D4AF5
marginnote3app://note/3A2F5AD0-E734-4AB7-9098-B993D0AD8313
marginnote3app://note/5BD041D7-5604-4752-99E4-23298483763E
marginnote3app://note/99AC0900-4D56-4E67-B4BE-7AC23722DC3B
marginnote3app://note/9C482DA8-5B4B-4BC1-AF2D-94F71E405A36
marginnote3app://note/71F36B6F-3950-4026-AC98-6DF3A238DC15
marginnote3app://note/B48A8984-F16C-4E0C-83BB-1E0039901759
marginnote3app://note/D6D2B05D-CAF2-474B-9CAE-7094493E5D7F
marginnote3app://note/881349AE-7DC0-4A6F-B5A7-D094818FB2E5
marginnote3app://note/B0529B21-CAF0-4F0F-92D7-8CEA0F1D666C
marginnote3app://note/A65CD8AC-74A9-41B1-B65C-357740A74672
marginnote3app://note/62BA08D9-61FE-4A9F-A6C4-936D4D930E36
marginnote3app://note/C0D70D49-7741-4B0E-93E3-6621BC2744F6
marginnote3app://note/F33C89DD-EC04-4B60-903D-AB0FBC4EC62E
marginnote3app://note/23669A14-B185-410A-9E93-24F39EC103E2
marginnote3app://note/00A42ED2-5CA8-42CC-863D-909AFA36878A
marginnote3app://note/E72E5A39-46B6-46DE-8932-6D847E2CDCE9
marginnote3app://note/C3F5201E-9116-4F59-B1DC-050F062BD2A4
marginnote3app://note/0F0B8DAF-D555-44B9-9AD1-663BAB7A2CC6

