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The Wumpus Seach Engine

The WumpusSeach Engine

What is Wumpus?
@ Multi-user le systemseach engine.
@ Multi-purposeinformation retrieval system.
What are the main features?
e Multi-user support basedon the UNIX securiy model: Each
usercanonly seach les for which shehasreadpermission.
e Fully dynamic: Documentinsertionsand deletionsare
immediatelyre ected by the index.

o Publicly availableunderthe terms of the GPL.:
http:/ ;www.wumpus-seech.ag/
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Single-Pass Indexing with Dynamic Partitioning
Hash-Based In-Memory Inversion

Managing In-Memory Posting Lists

Indexing Performance

High-P erformance Index Construction

Single-Rssindexingwith DynamicPartitioning

<doc> <doc>
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Multiway \>

Merge

Final Index

o Start indexingthe text collection;accumulatepostingsin an
in-memay index.

@ Whenmemaoy is exhaustedcreateon-diskinverted le from
in-memay data. Cleanmemay and continueindexing.

o After the wholecollectionhasbeenprocessedconstruct nal
indexby mergingall on-diskindicescreatedso far.
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. ) i Single-Pass Indexing with Dynamic Partitioning
High-P erformance Index Construction Hash-Based In-Memory Inversion

Managing In-Memory Posting Lists
Indexing Performance

Hash-Basedn-Memay Inversion

Vocabulay termsin the in-memay indexare organizedin a hash
table with linked lists and move-to-front heuristic. Zipf-like term
distribution makes hashtable reaganizationsunnecessg.
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Single-Pass Indexing with Dynamic Partitioning
Hash-Based In-Memory Inversion

Managing In-Memory Posting Lists

Indexing Performance

High-P erformance Index Construction

Managingln-Memay Posting Lists

How are the individual posting lists organized?

o List implementationhasto be extensible fast, and
space-e cient.
@ Solutionsin the literature:
s Fixed-sizearray (requirestwo-passindexing: slow!).
s Augmentablebit-vector (usesrealloc : slow!);
o Linkedlist (next pointers: spaceoverhead!).
@ Our solution:
s Linkedlist, but linking groupsof (compressed)postingsinstead
of individual postings.
o Adaptive group size,grows exponentially
¢ Very fast and minimal pointer overhead. 10% perfamance
gainoverrealloc appoach.
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Single-Pass Indexing with Dynamic Partitioning
Hash-Based In-Memory Inversion

Managing In-Memory Posting

Indexing Performance

High-P erformance Index Construction

IndexingPerfamance

Memory consumption vs. indexing performance
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Indexingthroughput with 1024 MB for the in-memay index:
73.5 GB per hour.
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Baseline Scaing Metho d: Okapi BM25

Query Processing: Okapi BM25 Baseline Experimental Results

QueryProcessing:Document-at-a-time

@ Posting lists are arrangedin a priority queueand mergedinto
a singlestreamof (term, position) tuples.

postings for query term T1

25 [ oo [155

merged posting stream postings for query term T2
[ [aun [ms 9] ... [(2.177 ]
postings for query term T3

H

o A list of the n top-scaing documentsis computedfollowing a
document-at-a-timeapproachwith MaxScae heuristicand
partial scae evaluation(use upper boundsto prune seach).
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Baseline Scaing Metho d: Okapi BM25

Query Processing: Okapi BM25 Baseline Experimental Results

QueryProcessing:Okapi BM25

Actual documentscaing: Okapi BM25

X for (kg + 1
Semzs(D) = Wt or_(ar 1 dl
T2Q fD;T + kl (1 b + b a\/gd|)

o wr = log(rel. number of docs containingT

@ fp.t = number of occurrencef T in D

o dl = length of documentD (number of tokens)

e avgdl= averagedocumentlengthin the collection
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Baseline Scaring Metho d: Okapi BM25
Experimental Results

Query Processing: Okapi BM25 Baseline

ExperimentalResults

2005Ad-hoc Topics

| Measure | Value |
Precision@5 0.6560
Precision@10 0.6040
Precision@20 0.5470
Averagetime per query | 2.133sec

Okapi BM25 paameters:k; = 1:2, k3= 1, b= 05.
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Proximity Score Accumulators
Adjusting the Final Document Scare
Increasing E ectiveness: Term Proximity Scoring Experimental Results

Proximity Scae Accumulatos

Rememler that during query processingthe posting lists of all
gueryterms are combinedthrough a multiway mergeprocess,
giving a streamof (term, position) pairs.

During this process,all pairs of neightoring postingsare examined
and proximity scae accumulates assaiated with the
carespnding queryterms are increased.

Updating the Proximity Scae Accumulatas

acq(T;) = acc(Tj) + wr, 7(dist(le+Tk))2
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Proximity Score Accumulators
Adjusting the Final Document Scare
Increasing E ectiveness: Term Proximity Scoring Experimental Results

Adjustingthe Final DocumentScae

Original documentscae (BM25):

X forr (ki+ 1
Sowes(@) = wy o (ard)
T2Q DT

New Document Scae (BM25 + Term Proximity)

ac(T) (ki+ 1)
ac(T) + K

X
SemzsTe (D) = Sgmos(D) + minf 1:0; wr g
T2Q

Limiting the term weight to a maximumof 1.0 keepsthe impact of
term proximity low and ensureghat the original BM25 scae still is
the dominantcomponent.
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Proximity Score Accumulators
Adjusting the Final Document Scare
Increasing E ectiveness: Term Proximity Scoring Experimental Results

ExperimentalResults

2004 Ad-hoc Topics

| Run description | P@5] P@10] P@20] MAP |
Pure BM25 0.5184 | 0.5061 | 0.4857 | 0.2477
BM25 + Term proximity | 0.5551 | 0.5612 | 0.5347 | 0.2767

2005Ad-hoc Topics

| Run description | P@5] P@10] P@20] MAP |

Pure BM25 0.6560| 0.6040| 0.5470| 0.3220
BM25 + Term proximity | 0.6200| 0.5900| 0.5730| 0.3371
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Document-Level Indexing
Simple Top-k Index Pruning
Threshold-Based Index Pruning

Increasing E ciency: Static Index Pruning ExperimentaliResults

Document-Levelndexing

Basicidea: For pure BM25, we don't needfull positional
information in the index.

) During index construction,only keepone posting per (term,
document) pair. Encade TF valuesin the lowest 6 bits of each
posting.

| Rundescription | Indexingtime | Indexsize | Querytime | MAP |

BM25, positional | 355minutes | 59.7 GB 2.133sec| 0.3220
BM25, doc. level | 245minutes| 19.3GB 0.326sec | 0.3213
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Document-Level Indexing
Simple Top-k Index Pruning
Threshold-Based Index Pruning

Increasing E ciency: Static Index Pruning ExperimentaliResults

SimplelndexPruning(top-k)

Oncewe havean indexwith document-levelpostings,we can prune
the posting lists (using the scae assaiated with eachposting).

Pruningin general:Only keepthe top-k postings(documents)for
eachterm.

Pruning here: Constructa prunedindex containingthe top-k
postings(documents)for the n most frequentterms.

Goal: To get a prunedindexthat is smallenoughto t into main
memay. Then useboth indices(unpruned on-diskindex; pruned
in-memay index) in parallel, fetching posting lists for the n most
frequentterms from the in-memindex, everythingelsefrom disk.
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Document-Level Indexing
Simple Top-k Index Pruning
Threshold-Based Index Pruning

Increasing E ciency: Static Index Pruning ExperimentaliResults

Threshold-BasethdexPruning(top-k-")

A little more sophisticated:

e For everyterm, pick the k-th best posting (impact: 1 ).

@ Then throw away all postingswhoseimpact is lessthan " 1 .
(for detailsseeCamel et al. at TREC 2001)

For various valuesof n, we built indicescontaining pruned posting
lists for the n most frequentterms. The pruning parametersk and
" were chosenin sucha way that the sizeof of the resultingindex
was 1.2GBin all cases.
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ment-Level Indexing
Simple Top-k Index Pruning
Threshold-Based Index Pruning
Experimental Results

Increasing E ciency: Static Index Pruning

ExperimentalResults:top-k indexpruning

(a) Impact of static index pruning on retrieval effectiveness
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Document-Level Indexing
Simple Top-k Index Pruning
Threshold-Based Index Pruning
Experimental Results

Increasing E ciency: Static Index Pruning

ExperimentalResults:top-k andtop-k-" indexpruning

Efficiency vs. effectiveness
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System Con guration
Ad-Ho c Retrieval Task

E ciency Task

Named Page Finding Task

Submitted Runs

SystemCon gurationfor All O cial Runs

Systemsetup:
@ 2 PCsrunningin parallel.

@ EachPC: AMD Athlon64 3500+ (2.2 GHz), 2 GB RAM,
7,200-rpmHDD.

o First PC: 1 process(seach engine). SecondPC: 2 processes
(seach engineand dispatcherprocess).

o No term weight propagation(collection big enough).
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System Con guration
Ad-Ho c Retrieval Task

E ciency Task

Named Page Finding Task

Submitted Runs

Runssubmittedfor the Ad-Hoc RetrievalTask

| Run | Avg. querytime | P@10] P@20] MAP | bpref |
uwmtEwtaPtdn 29.464sec | 0.6900| 0.6160| 0.3480| 0.3568
uwmtEwtaPt 1.264sec| 0.6320| 0.5760| 0.3451| 0.3526
uwmtEwtaDOG 0.194 sec | 0.6040| 0.5650| 0.3173| 0.3352
uwmtEwtaD02 0.059 sec | 0.5060| 0.4490| 0.2173| 0.2555

A 228% performance increase at the cost of a 24% decrease
of bpref.
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System Con guration
Ad-Ho c Retrieval Task
Eciency Task

Named Page Finding Task

Submitted Runs

Runssubmittedfor the E ciency RetrievalTask

| Run | Avg. querytime | P@5] P@10] P@20] S@10)
uwmtEwtePTP 1.094 sec | 0.6760| 0.6380 | 0.5780| 0.9400
uwmtEwtaD0O 0.137sec| 0.6000| 0.6040| 0.5570| 0.9600
uwmtEwtaD02 0.049 sec | 0.4960| 0.4980 | 0.4450| 0.9400
uwmtEwtaD10 0.027sec| 0.4920| 0.4380| 0.3900| 0.8400

A 22% decreasein P@10buys 22-fold increase in query
processing performance.
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System Con guration
Ad-Ho c Retrieval Task

E ciency Task

Named Page Finding Task

Submitted Runs

Runssubmittedfor the NamedPageFinding Task

| Run | Avg. querytime | MRR | Success@1p Success@INF
uwmtEwtnP 3.468sec | 0.366 0.508 0.894
uwmtEwtnPpr 3.717sec| 0.322 0.464 0.894
uwmtEwtnD 0.141sec| 0.290 0.413 0.663
uwmtEwtnDpr 0.167sec| 0.238 0.381 0.663

The integration of term proximity increases MRR by 26%,
Success@1y 23%, and Success@INFby 35%.
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The End

Thank You!
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