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e Large-scale retrieval evaluation is expensive

e 50k to 100k documents assessed per year in TREC

e Ql: How to scale to larger collections?
e Q2: How do other organizations cope?

e A: More efficient evaluation techniques...



Our Contributions: Ideas
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e View performance measures as the outcome of a
random experiment

o PC(k), AP, RP, ...

e Apply sampling theory to efficiently estimate
this outcome

 Analogy: forecasting election results

e Many other benefits...
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Our Contributions: Methodology
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* An accurate and efficient method for estimating
measures from a random sample

AP, PC(k), RP, R, ...

unbiased by statistical design

low variance via non-uniform sampling

scalable (many lists, many measures, simultaneously)

reusable (can estimate quality of unseen lists)



Outline
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e A simple example in detail:
e Estimating AP
e Results on TREC data

estimating PC(k)



Consider PC(1000)
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Consider PC(1000)
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e Obvious solution:
e examine top 1000 documents
e return #rel-seen/1000

e Alternate solution:

e uniformly sample documents from top 1000
e judge random sample

e return #rel-judged/sample-size



Carefully Define Random Experiment
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e Sample space: top 1000 docs
e ie{1,...,1000}

e Distribution: uniform over top 1000 docs
e p; = 1/1000

e Random variable: X = relevance of doc

el 0 if d; is non-relevant
3 | 1 ifd, is relevant



Verify Expectation
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Law of Large Numbers
Central lel’r Theorem
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e Average of random sample converges to mean
Ry e
= — . —
n < L
=l
e Average of random sample rapidly becomes Gaussian

BEXe = p
Packeh =os0

e %Z —  N(u, o/v/n)

X
X 2



Back to PC(1000)
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e Suppose that, unknown to us, PC(1000) = p = 0.25

 i.e., there were 250 rel docs in top 1000

e How many samples until we could estimate that
accurately, say +/- 0.037

e LLN & CLT
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binomial distribution N=100 p=0.25




normal distribution p=0 o=1

- 0 1 ‘
95% interval: +20




Sample Size Calculation
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Vel - —=iepai(l —p) 200w 201 /(3/16) /n
=33/16 =003
Var[X] = (3/16)/n o~ 833

O .36 /n
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e Thats a lot of samples...
e Is there a “smarter” sampling strategy?
e Yes: importance sampling

e What about multiple lists (multiple measures)
with one sample?

e Yes: scaling factors



PC(1000): Non-uniform Sampllng
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Q: How to correct for mean?

A: Scaling factors.

D
1000 *\ e




New Random Experiment
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e Sample space: top 1000 docs
e i€ {1,...,1000}

e Distribution: non-uniform
5001 < i <500
Pi=19 0.5/1000 501 < i < 1000
e Random variable: fix expectation (scaling factors)

S el 2 3 1 5-< 500
Y17 reld)-2 501 <4 < 1000

155
1000 i
____________ e E[X] as before...




What About Variance?
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e Consider two cases:

e All 250 relevant docs in top half (good)

e All 250 relevant docs in bottom half (bad)

=5
1000




Case 1: Relevant Docs in Top Half
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Var[X] = E[X?] - E?[X]
1000
= ZpZ (/)2
500 1000
= Zpl ;2 + Zp@ r;° —1/16
1=501
= 3/2
= 250-%-(2/3) +0-—1/16
= 1/6-1/16
= 5/48
~ 0.1042
O e R T A
1000 N 0.5
Lo 2~ 000




Case 2: Relevant Docs in Bottom Half
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Var[X] = E[X?] - E?[X]

1000
= sz xz 1/4

500 1000

S sz xz g sz xz 1/16

1=501

1/2
= 0+250- li2 224 0-1/16

1000
S T NG
= o TG
~ 0.4375
LN S T
1000 Y 0.5
oM BT e SR 25000
d1 d2 d3 d500d501 d1ooo




Comparison
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e Original variance: 3/16 = 0.1875
e Case 1 variance: 5/48 = 0.1042
e Case 2 variance: 7/16 = 0.4375

e Effect on sample size required...
e 833 (original)
e 463 (Casel)
e 1944 (Case 2)
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e Sample where the relevant docs are!

e importance sampling

e Use scaling factors to correct expectation

e ratio between “required” and actual distribution

e Many benefits...
e variance reduction
e many measures from one sample

e many lists from one sample

reusability



PC(k): Sampling for Many Runs
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Estimating PC
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What About AP?
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R ||| 1/1

N

R ||| 2/3

N

List: Ir\zj 3/6 AP:1+2/3+2/6+4/10z0.6417

N

N
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Average Precision
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el
= — Zrel
h =i
g 0
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=1 =]
1 1
Lt B Z.rel(i) - rel(i
7 Z e () - rel(7)

1<j<i<N

We will sample for the summation (and R)...



Analogy to PC(1000)
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SRS > PC@) PC(1000) =
prmely=l
e
= E-Zfrel(i)‘PC(i)
i=1
DRl i
= E-Zrel(i)Zrel(j)/i
=1 j=1
1 1 1000
Ry Z E-rel(i)-rel(j) = Zmoowl(i)

1<j<i<N i=1



Analogy to PC(1000)
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Analogy to PC(1000)
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Define the AP Random Experiment
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e Sample space:
e all pairs of docs

e Distribution:
e as defined above (1/i)

e Random variable:

e product of relevances

e Many deftails...
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Experiments with TREC8 Data
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e 50 queries
e 129 search engine runs per query
e Depth-100 pooling
* 2/3 runs contributed to pool (training runs)

e 1/3 did not (testing runs)

e Employ sampling methodology on fraining runs

e single sample drawn per query

e Evaluate and compare

e all runs, all measures
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trainingRMS=0.021453
testingRMS=0.019319
p=0.995547 :

1=0.91422

, TREC8 K=95
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RMS test error for AP estimates TRECS
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Kendall’s tau for AP estimates TRECS8

depth pooling
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Summary and Future Work
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e A statistical method for estimating performance

AP, RP, PC(k), R, ...

e view measure as outcome of a random experiment
e employ sampling theory

e accurate, efficient estimates

e reusable

e Future work:

e optimal sampling distribution, lower bounds, etc.
o explicit confidence intervals (estimate variance)

* mixed strategies (greedy & statistical)
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Samlping AP vs trec AP, all Q system=input.Sab8A1 K=1000
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empirical VAR SYS=Sab8A1 AP=0.255083 TN=8 QN=46 TRIALS=100
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empirical SD SYS=Sab8A1 AP=0.255083 TN=8 QN=46 TRIALS=100
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VAR for AVG of N Bernoulli coin tosses PROB(head)=0.250000
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SD for AVG of N Bernoulli coin tosses PROB(head)=0.250000
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What About AP?
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Average Precision
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We will sample for the summation (and R)...



AP Sampling Distribution
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Normalized, appropriately...



Sampling Strategy

PODPOT TR A, iy TPt GRS Promei AT 5 5= OV £ LI v e SV it b B PSR e e i A i A

ranked list ranked list ranked list
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~(3/2) ~(3/2) | ~(3/2) variance reduction
e J =
sampling distribution over docs
(average)

1 s

| judged docs |
-

/

(counts) 4

R




Estimating AP
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Estimating PC (and RP)
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