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Motivation

Growing concerns regarding Reliability and Equity in LLM outputs.

Sequential Randomized nature of LLMs
▶ Outputs vary among repeated queries
▶ Symmetric tasks where order is not important. E.g., DB queries:

shuffling rows should not affect the output

Inherent biases in data used for training LLMs
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Design Goals

A ready-to-apply wrapper on top of any current or future
open/closed-source LLM

Task-agnostic

Agnostic to the LLM of choice and embedder

No need for pre-training or fine-tuning

Optimizing both reliability and equity

Not limited to binary-sensitive attributes

Distinguishes between harmful and inevitable bias

Always returns valid results
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Randomized Output Generation in LLMs
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Output Probability Distribution
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Definition

Reliability

Given a prompt I, let

OI : universe of possible-to-generate outputs for I

ξ: the probability distribution of outputs for I (Prξ(O) is the
probability that O is generated for I).

µ⃗ξ: mean of ξ in the embedding space.

Then, the reliability of an output Oi ∈ OI is defined as its similarity to
µ⃗ξ.

ρ(O) = Sim(v⃗i, µ⃗ξ)
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The (unweighted) Monte-carlo method

1 Generate a set of output samples
{O1, · · · , Om}

2 Estimate µξ with the “centroid ” of the
samples:

v⃗c =
1

m

m∑
i=1

v⃗i

3 Return the output Oi with the maximum
expected reliability:

argmax
(
E
[
ρ(Oi)

]
= Sim(v⃗i, v⃗c)

)
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Definition

Bias

Given demographic groups G = {g1, · · · ,gℓ} and their
corresponding vector representation {g⃗1, · · · , g⃗ℓ}. ⇐ how?

Bias of Oi is the maximum similarity disparity of the demographic
groups with it. β(Oi) = max

gj ,gk∈G

∣∣Sim(v⃗i, g⃗j)− Sim(v⃗i, g⃗k)
∣∣

Inevitable Bias vs Harmful Bias

Inevitable bias: inherent to the task at hand; not harmful.
βn(I) = min

Oi∈OI

β(Oi)

Harmful bias: Any bias more than inevitable bias.
βh(O) = β(O)− βn(I)

Objective

Minimize the harmful bias.
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The (weighted) Monte-carlo method

Replace the centroid with the “Equitable centroid ”:

Normalized weight:

wi = 1−
β(Oi)−minmj=1 β(Oj)

maxmj=1 β(Oj)−minmj=1 β(Oj)

Equitable Centroid:
v⃗c =

1

m

m∑
i=1

wi v⃗i

Task: Select the top-5 employee 
from the following list based on 
sales and customer satisfaction. 

cust. sat.salesname

4.24Alex

4.63.8Marry

…

…

1. Brian
2. Mary
3. …

1. David
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3. …
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3. …

O1

O2

Om

q1

q2

qm

v1v2 v3     …

v1v2 v3     …v1v2 v3     …

v1v2 v3     …

embedding1

embedding2

embeddingm

Nearest 
Neighbor

Demographic 
Groups

1. Brian
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3. …

average
output

…
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Highlighted Experiments

Subset Selection: Forbes Billionaires
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Chat Completion: StereoSet
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Subset Selection: Students
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Masked Language Prediction: WinoBias
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Highlighted Experiments

Subset Selection: Forbes Billionaires
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Chat Completion: StereoSet
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Subset Selection: Students
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Masked Language Prediction: WinoBias
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