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Research Questions The SMART Algorithm
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Generalization to Unseen Tasks
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1800+ tasks; 175M+ (prompt, response) samples in total; and a
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Stage-1: Weighted Task Subset Selection
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How many samples to select from each task? And which samples?&

t{g1, 9>, ---, gp'} are the corresponding value gains, then the task budgets
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Stage-2: Instance Subset Selection

May be only a few representative tasks are enough... W

Submodular Functions
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Examples of Submodular Functions

» Graph Cut works best for f;

» The optimal f, however, also depends on number of tasks (M") - For
higher M's, each task on average gets a relatively low budget and the

Submodular Function f(X) need for representation dominates the need for diversity; however,
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ey JEX diversity takes over.
Graph Cut Z Sij — A Z Sij
eV jex i JEX / M =M \

Lo g Determinant lo o det (S X) MMLU-ZeroShot (Exact Match) BBH-Zeroshot (Exact Match) ~ MMLU + BBH

N Vi, Ve STEM  Humanities Sii(:acniscles Other 1\1/:[[1\;%5 NLP  Algorithmic P?I?Ii, (Weighted Avg.)
(V is the ground setand X < V) M Bl 082 46 467l B e w®  mE e w0
25000 EM (Baseline-2) 3033 4501 4381 4055 3903 4008 2029 2946 36.27
. . , , SMART (Ours) 3222 50.41 5014 4685 4373 3885 2416 3005 39.8
Sij s the S|m|lar|ty between two elements i and ] of the ground set EPM (Baseline-1) 31.59  47.68 4718 4468 4176 4125 2649 32.64 39.14
| . | | | 50000 EM (Baseline-2) 3522 49.58 5101 4813 4499 4196 2283 3124 41.04
and SX 1S the S|m|[a nty Matrix bet\/\/een temsin X SMART (Ours)  36.51 53.06 5449 5079 4758  46.73 20.1 31.75 43.03
EPM (Baseline-1) 32.66 506 5137 4718 4425 4338 2636 3348 41.16
100000 EM (Baseline-2) 3603 507 5253 471 4557 444 2518 3355 42.11
il | - ' SMART (Ours) ~ 37.36 5538 5547 5295 4901  47.26 2422 34.66 44.96
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Algorithm 1 The Naive Greedy
Input: Ground Set (1), Budget (N')
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Gains < | |;
fori =0to (N’ —1)do
e* = argmaxf(v|X;);

This is NP-complete in general
But if f is monotone submodular,
then a simple greedy algorithm
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vEV\X; can be used to find an - |
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In a low budget setting, rather than scaling the number of
tasks, identify a few representative tasks and sample more
from them to get a bigger bang for the buckl!! ©

return S, Gains;
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