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Fair In-Context Learning

Pretrained LLMs often encode demographic, societal, or
linguistic preferences.

These issues can cause:
e Toxicity
e Stereotypical completions

e [rregularities in classification tasks
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In-Context Learning (ICL)

*|CL enables models to learn from a few examples at inference time.

e No fine-tuning required — examples are provided as part of the input prompt.

Used in:
e - Few-shot classification
e - Question answering

e - Summarization

elnput Prompt ={Demo 1, Demo 2, ..., Demo k} + Test Query > Model Prediction
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Why Demonstration Selection Is Critical

eDemonstrations are the only supervision LLMs receive during inference.

ePoor selection can amplify irresponsible outputs and reduce accuracy.

Impacts of demo selection:
e Prediction accuracy
e Generalization across subgroups

e Unfair outcomes for certain groups
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Responsible In-Context Classification

Goal: Maximize metrics like Demographic Parity, Equalized Odds %
Challenges:

e -Select k (typically 5 or 10) from n demonstrations (where n is a large number)

e - Ensure responsible outputs

e - Retain predictive utility (accuracy, F1)
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JUDGE (JUry-based Demonstration Selection via
Greedy Evaluation)

Our approach, JUDGE addresses demonstration selection through a
multi-step process.

1. Jury Set Selection: Creating a set of examples for greedy evaluation.

2. Candidate Pruning: Reducing the pool of candidates to a much
smaller pool.

3. Iterative Greedy Selection: Building the final demonstration set
greedily by using performance on the jury set as a heuristic.
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The Jury Set, [J

A carefully constructed group of examples, providing a balanced representation
across all combinations of groups and labels.

C=1{(9y :9¢€Gyecl}

Each subset J(g, V) consists of |J| / |C| examples

Uses SentenceBERT embeddings and the cosine similaritv measure:

e(z;) - e(x;)

le(z:)[[lle(zs)

— .

sim(z;,x;) =




The Jury Set, [J

Each example is Tg.y = {x1,...,Tm } Where

chosen such that it T; = arg min max sim(z, z;)
.y . 2€Dg y\{Z1,..,2i_1} J<i Y

maximizes distance

from existing

examples.

Finally, we have:




Candidate Pruning

We similarly prune the space of candidates (down to ~3%)

Dreduced — {331; ceny mn} where

T; = arg min max sim(x,x;)
EDcandidate \{Z1,--, 241} I<?
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Objective and Score Functions

Our objective provides a balance between
performance in terms of accuracy (denoted by a) and
metrics like Demographic Parity (denoted by f)

*
S§” = argmaxgcp . 1s|=k SC0re(S, J)

score(S,J) =w - f(S,T)+ (1 —w)-a(S,T)
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Greedy Selection

1. We start with the empty set, Sp =@
2. Select the first example that maximizes score on the jury set.

x1=arg max score({x},.J)

Dreduced

1. Add the selected example to the demonstration set. S1={x1}
2. At each step t, select the candidate that maximizes score when added to the
current set.

Xe=arg _ max  score(Si—1 U {x},J)
X € Dreduced — St-1

1. Update the selected set with the newly chosen example. S:t=S:-1U {x:}
2. Repeat the process until k examples are selected. |si =k

— ,




Overview
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Datasets and Baselines

Datasets: Baselines:
Adult Random
COMPAS Balanced
Law School Counterfactual
ACS-Income Instruct
FairlCL
FCG
FADS




Table 1: Results for Adult with 5 demonstrations, across  Table 2: Results for COMPAS with 5 demonstrations,

4 LLMs. Each cell shows Meansg p. across 4 LLMs. Each cell shows Meang p.
Method Ace.T  ADPL  AEO) MI Method Ace.T  ADPL  AEO) MI
Random  0.772p008 01850000 0.191p00s 000230002 Random  061Tpo 02080000 0199008 0U02 1003
Balanced 0706505 0216001 0146008 0.02200: Balanced 0.620p52 023501 0201803 0.027000

Clact, 0T3lgar  0.1835gme  0.158p0: 0018900
Instrict 0753503 02990 0308502 00520008
FairlCL. 0764000 0.170000e 009700 00160002
FCG 079800 009700 01570006 001 1o
FADS 074305 15750 O11dg5s 0019 00

Cfact. 058200 0.1870m6 0.193g0m  0.01700m
Instract 0566000 0135000 D1640m0 0015500
FairlCL  0.62lg00 01920007 0.1880006  0.020000
FCG 0614p00r 01829005 01979005 0-01%,00
FADS 057508 0.167006 0.16050s  0.01d0.00

LLAMA-3-8B
LLAMA-3-8B

JUDGE 0798502 007850  0.04%0z  0.004 00 JUDGE  0656pp0 01055008 00825007  0.006 00
Random  0.70%p3  0.200gme  0024g000 0.01% a0 Random  0513g0: 009 01200000 0016002
Balanced 0.5%gma  0.230p00 008502 0025000 Balanced 0512pm0 0079005 0.083g000 00139003

&= Cfact, 072200 01430008 01930003 001 1g0m = Cfact. 0487pmp 00589000 00625000 0L01 50004
u t 'é Instruct 072900 0162009  0.07looes 00050004 'ﬂ Instruct 049702 0082p00 0105008 00149002
E FairlCL.  0.76lgpe 015101 015900 00120002 E FairlCL. 0515506 00825005 00985005 00175004
FCG 0.752pms 0132002 0093900 000 0oy FCG 0.48% 000  0.074p00 D 108500s 00139003

E FADS DT76% 000 0180000 0129008 0021000 E FADS 0.531po 0.09p0s 01175007 00150000
JUDGE  0.76Tpm:  0.000gue  0.02dg00 0006 o0y JUDGE  0581m0 00555000 00750000 02002000
Random 'ﬂ.TS“-ﬂ_m 0.39‘41}_“ ll-423¢|_{||g l}.mlﬂm Random ﬂ.ﬁlsum 'ﬂ.jlﬂ}_mj ﬂ.jl%_mﬁ ﬂ.mgu_mg

- Balanced 0.70lgps 0482500 0413p02s 011300 - Balanced 0600gpe 03590 03485005 00067004
2 Cliet. 0752005 O031lggs 0372001 008Tqoms 2 Chiet.  060dper 0.26los 0272008 00440008
i ]I'ISIII'I.Iﬂ 0742501 0428pme  04T%0s  O.108g 0 2 ]I'ISII.I'I.I.CI 0.60%0 0290 0308502 004700
= FairlCL  0.753p04 0318509 03920  0.08% 053 = FairlCL 062250 026500 0.282g02 0040005
S K 0755007 0.233p0s 0192005 0013000 S KRG 06480007 0095005 00905005 0008003
& FADS 0.T75%m3 03530 038Tgas 00729005 & FADS 0621pma  0307g0n1 0303500 00539009
JUDGE  076%01 017700  0.000g0e 0018000 JUDGE 06655006 00620002 0039005 0.002000
Random  0.745um2 020500 00320000 00230004 Random  0637pme 02425005 02210006 00029001

- Balanced 0708504 02453013 01650012 0.02Tg0m o Balanced 0.652p08 02483000  0.240p011 003194005
5\3' CF&CL ﬂ.Tﬂﬁnu ﬂ.zzsm}“ ﬂ.1¢3{|_[||:| ﬂ.migm S‘_I Cf.u:t Dﬁ] ||1|;|n ﬂ.z‘dﬂm 112231}“ ﬂ.mln_m,;
y'-! Instruct '|:|73-3|}|]]',| ﬂ.239{|._ﬂ.|] ﬂ.lﬂlnm ﬂ.ﬂzﬁgm ﬁ Instruct 0633.1[;05 0.23-1-.;093 ﬂ.zldﬂw l}_ﬂll’mm,—,
o FairlCL  0.743pme 0 19%2002 014750 00270 mm s FairlCL.  063% s 0.2 1ps 02085005 0025003
E FCG 076203 0011 0098905 00070002 E FCG 062306 0.14%00s 01445005 00180005
3 FADS 07120000 02200000 O141g00s 0023 003 3 FADS 0.6450me 02240006 0.20Tg000 00259001
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Greedy vs Top-K
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Effect of Jury Set Size
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