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: what is the best Italian food?
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Are LLMs Reliable?

: what is the best Italian food?

Choose between:
[ ]

e carbonara spaghetti
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Are LLMs Reliable? Real-World Example

what is the best italian food? choose between spaghetti carbonara,

lasagna, pineapple pizza, answer with the choice only

@ Copilot ©

Lasagna

& 0

what is the best italian food? choose between pineapple pizza, spaghetti

carbonara, lasagna, answer with the choice only

@) copilot ©®

Spaghetti carbonara

...at least it did not choose pineapple pizza...



LLM Biases

State-of-the-art LLMs suffer from a variety of
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LLM Biases

State-of-the-art LLMs suffer from a variety of
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Our Approach

: assess of SOTA LLMs in
We assessed order bias using where we varied
e the number n of {pri, ..., prn}
e the number m of among the available choices
e the for in-context learning
. denotes a prompt with a specific value of n, m, E, and

available choices {pry, ..., prn}



Experiments: Prompt Template

Select the m most relevant probes for the scenario CLOUD out of the following n
probes:
(Probe list)
Respond on the basis of the following example:
Query: “Select the m’ most relevant probes for the scenario ML out of the
following n’ probes:
(Sample probe list)”
Answer: “The m’ most relevant probes to the scenario are:
(First m’ probes)”

Reply only with a JSON object, put the resulting probe names in a field named
“res_probes”. Do not include the description field. Do not add anything other
than the JSON object. Ensure that the probe order does not affect your judgment.




Experiments: Process

(1] of the set of {pri, ..., prioo}

2} prompt, (n,m, {pr}1,E) and prompt,(n,m, {pr}», E) where
the order of the available choices {pr}; and {pr}, are first extracted at
random from step 1 and then randomly sorted

9 promptl(”a m, {pr}1> E) and prompt2(nv m, {pr}Qv E) to LLM
llm and and
® ans(prompt,llm) = {pry,...,prm}



Experiments: Process

_|ans(prompt,, llm) N ans(prompt,, [lm)|
m

deg

bias = 1 — deg



Experiments: Setup

Example type  Explanation

Param. Values Eirst The chosen probes are the first n’ listed
among the n’ available probes
n 10,25, 50, 75, 100 East The chosen probes are the last n’ listed
m 3,6, 10,15 P
, among the n’ available probes
n 10 ’ H
, Erandom The chosen probes are n’ random listed
m 2 .
among the n’ available probes
Enull No example
LLM name Scale (N° of param.) Release date
Gemma3 27B Small-medium (27B) Feb 2025
Llama3.3 70B Medium-large (70B) Dec 2024
Deepseek R170B  Medium-large (70B) Jun 2025
Mistral 123B Large (123B) Nov 2024
th=2m=1



Experiments: Results
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Experiments: Results - Gemma3s

. order (0.524)
1025 50 75 100 1025 50 75 100 ° Blas
Erandom Enuu e Bias
° the bias
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Experiments: Results - Deepseek-R170B
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designed to induce order



Experiments: Findings

Main

o LLMs are

e Bias increases as n increases and

LLM Bias decreases as m increases

gemma3 0.524 e The impact of the type of example
mistral-large 0.640 :

llama3.3 0.661 varies

deepseek-ril 0.761

e A small LLM does not imply higher bias
(and vice versa)




Experiments: Findings

LLM n<25 n>25
gemma3 0.298 0.637
1lama3.3 0.362 0.810
deepseek-ril 0.586 0.848
mistral-large  0.393 0.764
LLM m<6 n>6
gemma3 0.550  0.492
1llama3.3 0.658 0.663
deepseek-ril 0.808 0.701
mistral-large 0.671 0.602

Main

e All LLMs are affected by order bias

° and

e The impact of the type of example
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e A small LLM does not imply higher bias
(and vice versa)
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Experiments: Findings

Main

e All LLMs are affected by order bias

e Bias increases as n increases and
decreases as m increases

LLM Parameters  Bias
e The impact of the type of example
mistral-large 123B 0.640 varies
1lama3.3 70B 0.661
d k-r1 oB 0.761
eepseekr ’/ / ° A does not

(and vice versa)



Conclusions

We provided a preliminary, systematic analysis of order bias, showing that

. are by it

the of the LLM with the
bias

e assessment of

° LLM



Conclusions?

what's wrong with pineapple pizza?

(&) copilot ©®

There’s nothing inherently wrong with pineapple pizza{—it just tends to spark strong

opinions! Here's why:

= Traditionalists argue it's not authentically Italian. Pineapple on pizza (often called
"Hawaiian pizza") originated in Canada, not Italy, and many Italians see it as a culinary
mismatch.
Flavor clash: Some people feel the sweet pineapple doesn't pair well with savory
tomato sauce and cheese.
Texture contrast: The juicy fruit can make the pizza soggy or disrupt the expected

mouthfeel.

That said, many people love the sweet-salty combo of pineapple with ham or bacon. It really

comes down to personal taste.




