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Fig: Block Diagram of ICL

Exemplars / In-context examples / demonstration samples
<Question, Explanation, Answer>

PROMPT TEMPLATE

ﬂstruction
You are a helpful assistant helping to solve tasks requiring reasoning.
Follow given examples and solve the problem in step by step manner.

Exemplar

are in proportion 3:5:7. What is the age in years of the youngest boy?
[Explanation]: 3x + 5x + 7x =45, x=3,3x =9

[Answer]: The answer is 9

Query

[Question]: John found that the average of 15 numbers is 40. If 10 is
added to each number then the mean of the number is?

MISTRAL

AI_

[Question]: The average age of three boys is 45 years and their ages\

- un

Response

[Explanation]: (x0+x1+...x14)/15 = 40,
new_mean =40 + 10 = 50

[Answer]: The answer is 50
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Explore-Exploit Paradigm

Exemplars
p; : While purchasing groceries ram bought 5 apples ...

. . Approx. error based
p, : Ephraim has two machines that make necklaces ... PP
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* accepted at EMNLP-main (long) 2024 (EXPLORA: Efficient Exemplar Subset Selection for Complex Reasoning)



Loss Modeling

Subset of k Exemplars (S C S)

Loss modelling function;
Approximating L(S, V)
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ith exemplars contribution, low if important exemplar

Any transformer based encoder

_ ¢ ()" ¢ (uy)
¢ (i) [lllo( us) |l

]

ith exemplar, z; € S

ith validation sample, u; € V




Efficient Estimation of

parameters Estimating loss here involves LLM
calls and equivalent to arm pulling
Update parameters to reduce
approximation error
set of | subsets at timestep t with lowest validation loss Validation Set

L& U, Vi) =) (L(S,V) - 0(&,5))’ +Z(L(S’ V) —o(@ 8))

Remaining subsets;

A
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Vi < U\ Uz, where ¢ S Negative samples from high-loss set V;




Results and Analysis

Method GSMSK AquaRat TabMWP FinQA StrategyQA
GPT-3.5-turbo

dynamic

KNN (Rubin et al., 2022) 53.45 51.96 77.07 5152 81.83

KNN (S-BERT) (Rubin et al., 2022) 53.07 5275 77.95 52.65 81.83

MMR (Ye et al., 2023b) 54.36 51.18 77.32 49.87 82.86

KNN+SC (Wang et al., 2023c) 80.21 62.59 83.08 54.49 83.88

MMR+SC (Wang et al., 2023c) 78.01 59.45 81.36 50.74 83.88

PromptPG (Lu et al., 2023b) - - 68.23 53.56 -

static

Zero-Shot COT (Kojima et al., 2023) 67.02 49.60 57.10 47.51 59.75

Manual Few-Shot COT (Wei et al., 2023)  73.46 44.88 71.22 5222 73.06

Random 67.79 49.80 55.89 53.70 81.02

PS+ (Wang et al., 2023b) 59.30 46.00 - - -

Auto-COT (Zhang et al., 2023b) 57.10 41.70 - - 71.20

GraphCut (Iyer and Bilmes, 2013) 66.19 47.24 60.45 52:31 80.00

FacilityLocation (Iyer and Bilmes, 2013)  68.61 48.43 67.66 36.79 81.63

LENS (Li and Qiu, 2023) 69.37 48.82 7727 54.75 79.79

LENS+SC (Li and Qiu, 2023) 79.37 57.87 80.68 60.06 82.24

Our Approach

EXPLORA 77.86(a12.24%) +  53.54(49.67%)1t 83.07a7.51%) 1 59.46(48.60%) t 85.71(a5.63%) t

EXPLORA+SC 86.35(424.48%) 1t  63.39(429.84%)t  85.52(110.68%)1 64.52(a17.84%)t 87.14 (49.21%)+t

EXPLORA+KNN+SC 85.14 (a22.73%)1  62.20a27.41%)t  86.29(a12.39%) 1  65.12(118.94%)+ 88.37(410.75%)1

EXPLORA+MMR+SC 86.13(424.16%) 1  63.78430.64%) 1 86.96(a12.54%)1  64.60417.99%) 1  87.55(»9.73%)t
GPT-40

LENS (Li and Qiu, 2023) 76.19 64.56 86.34 69.31 92.85

EXPLORA 93.63 69.29 90.12 72.71 95.10

Table: Results across datasets in transfer setting using gpt-3.5-turbo with exemplars selected from Mistral-7b.



Prompt Transfer Works Well

Method T GSM Aqua Tab Fin
EXP L 7907 5394 79.65 54.66
M 7786 5354 7741 59.46
EXP+SC L 8582 6378 86.76 61.16
M 86.35 6339 85.52 64.52
EXP+KNN+SC L 8589 64.17 8574 63.64
M 85.14 6220 86.29 65.12
EXP+MMR+SC L 86.20 6299 87.81 64.60
M 86.13 63.78 86.96 64.60




EXPLORA is more Robust

Datasets GSM Aqua Tab Fin

Zero-Shot COT +5.18 £7.08 £1.84 +4.50
Few-Shot COT +448 +12.03 +£1.66 £4.76
KNN +3.76 £549 £1.27 £4.17
MMR +4.00 £10.53 £1.68 +6.10
Graph Cut +6.38  +8.18 £2.03 £5.29
Facility Location +4.23  +6.71 +1.74 +4.94
LENS +5.04 £+6.67 £1.72 +5.81
EXPLORA +3.39 +493 +145 £341




t

icien

EXPLORA is resource Eff

AR RN

AR

== EXPLORA

|
LENS

60 [
0
0
0

(s1y) sy,

59.46

54.75

76.78

B EXPLORA
79.65

48.82
53.94

79.07

Bz LENS

69.37

|
< ] N Ll

(;0T ur) s[red T Jo IequinN

GSM Aqua Tab Fin Strat

GSM8K AquaRat TabMWP FinQA



THANK YOU
FOR
YOUR ATTENTION!!!

0 https://github.com/kiranpurohit/

y @kiranpurohit08



https://github.com/kiranpurohit/
https://twitter.com/kiranpurohit08

