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In-Context Learning

The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many
apples do they have?

The answer is 27.




Instruction

In-Context Learning

Instruction: Answer the question step by step.
Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many

tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each
is 6 tennis balls. 5+ 6 =11. The answeris 11.

Q: The cafeteria had 23 apples. If they used 20 to make

lunch and bought 6 more, how many apples do they have?

A: The cafeteria had 23 apples originally. They used 20 to
make lunch. So they had 23-20 = 3. They bought 6 more
apples, so they have 3+ 6 =9. The answeris 9. :

Exemplar



Motivation

* Good exemplars and instructions are vital to the performance
* The quality, relevance and even the order of exemplars matters!

How do we design a data selection method for LLM in-context prompting?

P > :nsnucnon 25 Challenge: Best performing
‘% Manual Prompt LLMs are usually black-box!
&) Exemplars

Engineering

Data Exemplars

PERMUTATION
AlB]cC]

Goal: Automate the above! 5



Formulation

Iéleag}z(F(E) é {'(x’y)GDV [S(f(E,QT),y)],

f([E,QZ‘]) — f([elae% + '7676733])

context

where Dy is the validation set, f is a black-box LLM, k exemplars,
FE'is the exemplar sequence and s(-, -)is a score function



How to Optimize?

* We propose to use neural bandit algorithms
* Selects the next input query based on the belief of the objective given all

past observations O,_; = {(E;, sy (E;))}

t—1
1=1

FE; = argmax NeuralUCB(F)

Ee2

a pretrained embedding model

NeuralUCB(FE) :=/'m(h

exploitation of current

score predictions

+ vios_1(h(E); 0;)

y&. exploration based on

uncertainties of the prediction




Speeding Up

* Each evaluation of the NeuralUCB acquisition function requires
1. Aforward pass of the embedding model h(E)
2. Aforward pass of the NNm(h(FE); 6;)

3. Computing the uncertainty ;1 (h(FE); 6;) which involves inverting the
NTK matrix, and taking the gradient for the currenth(E)



Speeding Up

* We instead employ a filter-then-compute strategy

* Stage 1: Filter based on the inductive bias that using exemplars
similar to the validation exemplars performs better

* Optimal Transport distance between {e}eeE and Dy E A
* Pre-computations of (e) is possible Y "
* Cosine similarity cost function is easy-to-compute -
c(h(e), h(e')) = 1 — simeos(h(e), h(e")) 0

Dy,

* Stage 2: Compute NeuralUCB acquisition for the filtered
exemplars




Joint Optim. of Exemplars + Instructions

* Naturally extend to
E = (p7617€27°°°76k)

where instruction p € P

* Intuitively, the instruction p is just “another type of exemplar”
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Experiments

Heuristics
Subset selection Retrieval
methods methods Uniform
A A
f \Y 4 \ f \
DPP MMD oT Cosine BM25 Active Inf Evo Best-of-N EASE

antonyms 70.0100 80.0:00 81.7:17 85.0+00 85.0100 80.0100 86.7:1.7 88.3+17 90.0:0.0 90.0:00
auto_categorization 3.3:17 8.3:17 0.0:00 25.0:00 16.7:17  10.0:24 21.7:17 21.7+17 20.0:00  30.0:00
diff 0.0200 0.0100 0.0200 0.0200 0.0200 0.0:00 100.0200 100.0:00 100.0:00 100.0:00
larger animal 70.0:00 91.7-17 100.0:00 100.0:00 100.0:00 66.7-:« 100.0:00 100.0:00 100.0:006 100.0:00
negation 95.0:00 95.0:00 95.0:00 95.0:00 95.0:00 95.0:00 95.0:00 95.0:00 95.0:00 95.0:00
object__counting 95.0:29 96.7+17 48.3:17 61.7:17 66.7+17 517214 63.3:44 70.0:00 70.0:00 733117
orthography starts with  20.0:2s 35.0:00 61.7:17 78.3:17 70.0:00 43.3214 70.0429 75.0:00 78.3:17  80.0:00
rhymts 60.0:00 51.7:17 0.0:00 100.0:0.0 80.0100 65.0252 70.0£152  100.0:0.0 100.0:00 100.0:0.0
second_word_ letter 10.0:29 30.0:00 28.3:17 50.0200 50.0:00 26.T2s3 40.0:00 46.7 1 50.0:00 53.3:17
sentence similarity 20.0:00 21.72ss 40.0:29 46.7:17 53.3:17 5.0:4. 18.3:61 45.0:00 51.7:1 56.T:1r
sentiment 85.0:00 90.0:00 85.0:00 96.7:17 100.0:00 85.0:4: 91.7+17 100.0:0.0 100.0:00 100.0:00
sum 0.0:00 0.0:00 0.0100 0.0:00 0.0:00 0.0:00 100.0:-0.0 100.0mo 100.0“.. 100.0*o.o
synonyms 10.0:00 25.0:00 20.0:00 35.0:00 30.0:00 3.3:1.4 26.7+1.7 30.0:00 30.0:00 30.0:00
t/axonomy__animal 43.3:44 40.0:29 46.7:12 85.0:29 80.0:00 45.0:62 70.0:50 80.0:00 80.0:00 88.3:17
translation en-de 90.0:00 80.0:00 80.0:00 90.0:0.0 85.0:00 56.71130 90.0:0.0 90.0:0.0 90.0:00 90.0:00
translation en-es 90.0:00 100.0:0.0 96.7:17 100.0:00 100.0:00 96.7::14 98.3:1r 100.0:0.0 100.0:00 100.0:00
translation_en-fr 76.7T:17 76.T:17 81.7:17 85.0:00 85.0100 81.7:14 85.0:00 86.7:1.7 85.0:00 88.3:17
word_sorting 26.T21.7 88.3+17 88.3:17 90.0200 717212 80.0:00 88.3:17 93.3:17 91.72:7 90.0:00
word_unscrambling 68.3:1 7 56.7T:17 717212 75.0200 76.7T17  63.3:36 66.7+1 7 75.0:00 75.0:00 78.3:17
# best-performing tasks 2 2 2 6 3 1 5 9 9 17




Experiments

Type | Task Noise DPP MMD OT Cosine BM25 Active Inf Evo Best-of-N  EASE
0% 317417 383415 50.0400 T1L.741r 700400 36.7414 56.7474 61.7:1 ? 66.7:1‘7 80.0“..
10% | 83417 36.7T417 483:1r 6174107 61.7417  0.0s00 583444 60.0100 65.0:20 T3.3417
LR 30% | 10.0200 283417 46.Te1r 633417 60.0400 40.0:24 35.0:20 53.3417 50.0:00 T76.T417
k] ’ 50% | 0.0400 383417 450400 65.0000 533417  0.0s00 533017 46.T41s 45.0000 783444
3 70% | 0.0100 55.0t00 38.3:3s 65.0:00 50.0100 26.7T:54 30.0:58 33.3:417 333417 66.Tarr
§ 90% 0.0400 21,7411 26.7tl T 46,741 ¢ 3.3417 0.0:00 6.740 8.331 7 15.0400 53.3&!.’
0% | 48.34a5 40.0:29 41.Ts1r  65.0500 583417  30.0s00 61.7217 75.0:20 717600 75.0500
é 10% | 0.0s00 36.7T41: 40.0:00 63.3:35 60.0400 36.7e2r 65.0:20 70.0120 73.3:1: 80.0:20
LP- 30% | 0.0sm0 483405 40.042s  60.0400 550400 40.04r1 533400 650420 65.0000 75.04000
variant  50% 0.0:00 65,0500 35.0:20 63.3:55 60.0100 38.3:56 48.3:44 61.7117 65.0:00 T8.3417
70% | 0.0s00 467435 35.0s00 70.0500 60.0400 25.0402 60.0450 56.7417 56.7¢17 TlLTar
90% | 0.0s00 350420 50.0:00 650430 00400 3000025 50.0420 383419 55.0:20 66.Tsrr
0% | 20.0420 15.0:00 26.741r 43.3:17 43.3:1a 5.0:24 25.0:20 40.0:00 40.0500 50.0:0.0
AG 10% 5.0400 15,0400 15.0000 417417 38.3417 334140 26.T43n 36.T4ry 40.0400 B51.T41x
ﬁ N(:ws 30% 10-0 10.0 5~0 to00 5.010.0 40-0]00 36:7 1.7 l-7f 14 10-0 100 40-0 100 43-8[ Ly 55.0”‘
§ el 50% | 5.0100 10.0s00 5.0s00 433417 350400  3.3:14 20.0150 35.0100 35.0400 55.0:20
3 P 20% | 50100 2500 88ur 500s0 35.0m0 1764 117400 38807  46.74ir B8.34na
= 90% 5.0400 183417  5.0:00 40.0:00 10.0400 15.0462 35.0400 35.0400 41.741: 53.3417
0% | 20.0400 10.0000 133417  40.0400 40.04500 150424 333467 35.0420 40.0400 50.042.0
10% | 16.74:7 10.0400 15.0s00 48.3s1r 40.0100 13.3:27 23.3:67 33.343s 40.0400 48.3417
g SST5 30% | 233417 6.Te1r 25.0:20  40.0400 40.0400 21.Ts36 26.T741r 30.0100 31.701r 46.Tiaa
Reverse 50% 21.7417 15,0400 15.0400 433410 33.3417 217414 233417 283417 30.0400 46.7m
70% | 25.0100 23.3:17 23.3:1r  40.0:00 30.0:00 20.0:24 25.0:20 36.T17 36.7<1r 45.0:5.0
90% | 20.0400 15.0420 20.0s00 30.0s00 30.0400 13.342¢r 217417 30.0400 30.04000 31.Tsr7,

Effective!
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Further Improvement with Instructions

EASE Improve
— with instructions | -ment

antonyms 90.0:0.0 85.0+00 -5.0 |
auto_categorization 30.0200 56.T:1.7 26.7 1
negation 95.0400 100.0:0.0 507
object counting 73.3217 75.0:00 1.7 1
orthography_starts_with 80.0:00 81.7:17 1.7 1
second__word_ letter 53.3:17 100.0+0.0 46.7 1 Joint optimiz ation
sentence_similarity 56.T<17 58.3:17 1.7 1 .
synonyms 30.0:00 31. 717 1.7 1 further improves
taxonomy__animal 88.3:1.7 100.0:@0 11.7 T pe rfo rma nce!
translation en-de 90.0:0.0 90.0:0.0 000
translation en-fr 88.3:17 85.0+00 -3.3 1
word_sorting 90.0200 93.3:1.7 331
word__unscrambling 78.3217 80.0:0.0 1.7%
LR (10% noise) 73.3:17 45.02150 -28.3 |
LP-variant (10% noise) 80.0:29 86.7:1.7 6.71
AG News Remap (10% noise) 51.7:1+ 65.0:00 13.3 1
SST5 Reverse (10% noise) 48.3:17 53.3:17 501
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Summary of EASE

/_§ Instruction
O

Generation Instruction \ 9
Data Exemplars ~ , |
o |
(39)
Exemplars
Black-box

Optimization

A

Optimal Transport




EASE Conclusion

* A novel algorithm that selects the optimal ordered set of exemplars for
In-context learning of black-box LLMs in an automated fashion
* Proposed a query-efficient neural bandit approach

* Made computationally feasible through a technique based on optimal
transport

 Extended to a fully automated pipeline that jointly optimize instructions and
exemplars

 Data selection is also importantin the era of LLM!

* Highly practical to use data selection for improving downstream
usage of black-box LLMs!
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