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• The Problem: Improving Retrieval
– What is the state of the art?

– What contributes to “optimal” performance?

• Pseudo-Relevance Feedback (PRF)
– Remarkably effective automatic technique

• Clustering
– First significant improvement in PRF

– As a means of revealing document relations

• Conclusion

Outline
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State-of-the-Art IR
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Evaluation Framework

Not Retrieved (Retr -) Retrieved (Retr +)

Not Relevant (Rel -)

Relevant (Rel +)
False 
Negative (FN)

True 
Positive (TP)

False
Positive (FP)

True 
Negative (TN)
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Evaluation Measures
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Results for 50 Queries on TREC-6 Task
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Comparative System Performance
TREC 2 (1993)

INQ002 0.3565 INQ002 0.5058 INQ002 0.3954 INQ002 0.5459
siems2 0.3408 CLARTM 0.4846 siems2 0.3938 VTcms2 0.5207
CLARTM 0.3383 VTcms2 0.4790 CLARTM 0.3741 CLARTM 0.5184
dortQ2 0.3340 siems2 0.4690 dortQ2 0.3722 siems2 0.5109
Brkly3 0.3270 dortQ2 0.4626 VTcms2 0.3708 TOPIC2 0.5020
crn1L2 0.3258 TOPIC2 0.4624 Brkly3 0.3697 dortQ2 0.4972
VTcms2 0.3200 Brkly3 0.4568 crn1L2 0.3641 Brkly3 0.4953
lsiasm 0.3018 HNCad1 0.4520 lsiasm 0.3580 HNCad1 0.4911
pircs4 0.2981 pircs4 0.4494 HNCad1 0.3474 pircs4 0.4818
citri2 0.2874 crn1L2 0.4406 pircs4 0.3467 crn1L2 0.4736
HNCad1 0.2787 citri2 0.4354 citri2 0.3388 citri2 0.4682
CnQst2 0.2633 lsiasm 0.4306 TOPIC2 0.3211 lsiasm 0.4672
schau1 0.2517 CnQst2 0.4178 schau1 0.3148 CnQst2 0.4445
TOPIC2 0.2464 schau1 0.4000 CnQst2 0.3140 schau1 0.4323
cityau 0.2272 gecrd2 0.3662 cityau 0.2849 gecrd2 0.3961
gecrd2 0.2183 cityau 0.3512 gecrd2 0.2816 cityau 0.3755
TMC8 0.1939 erima2 0.3426 TMC8 0.2612 erima2 0.3639
erima2 0.1885 TMC8 0.3342 erima2 0.2494 TMC8 0.3549
uicah 0.1200 uicah 0.2784 uicah 0.1950 prceo1 0.2955
prceo1 0.1120 prceo1 0.2722 prceo1 0.1809 uicah 0.2932
UREKA3 0.0819 UREKA3 0.1688 UREKA3 0.1231 UREKA3 0.1779

Average Precision Precision at 100 R-Precision Relative Precision
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TREC-6 Comparative Ad-Hoc Results
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TREC-6 Comparative Ad-Hoc Results
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TREC-6 Comparative Ad-Hoc Results
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Optimizing IR
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Components of “Quality”?
Good Queries (10+ Terms) / 1M Documents

20 Docs

15 Docs

1  “Word” Match

2  Phrases (“Linguistics”)

1  “Passages”

3  “Weighting”

2  Combinations/Constraints

2  “Stemming”/Normalization

4  “Feedback”

Boolean

“Advanced”

Interactive

5  “False–Positives”

19
5 0

19
6 0

19
7 0

19
8 0

19
9 0

s…
…
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Pseudo-Relevance Feedback
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1966: User Feedback

• Retrieve Documents
• User Identifies a Few Good Ones
• System Selects Terms from These 

Documents to add to the Query
• New Set of Documents is Retrieved

J.J. Rocchio

Query1

Step 1

Doc2

Doc3

Doc5

Doc4

Doc1

Step 2

Retrieval1

Step 3

Feedback

Doc2

Doc3

Doc5

Doc4

Doc1 ←

←
←

Query2

Step 4

Retrieval2

Step 5

Doc3

Doc4

Doc133

Doc24

Doc1
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1993: Automatic Feedback

• Pseudo-Relevance Feedback

CLARIT

Query1

Step 1

Doc2

Doc3

Doc5

Doc4

Doc1

Step 2

Retrieval1

Step 3

Top-Doc
Feedback Doc2

Doc3

Doc5

Doc4

Doc1 ←
←
←

Query2

Step 4

Retrieval2

Step 5

Doc2

Doc3

Doc13

Doc259

Doc1
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CLARIT Document-Scoring Strategy
Doc1Score = Max(SubDocDoc1Score)

Doc2Score = Max(SubDocDoc2Score)

Doc3Score = Max(SubDocDoc3Score)

Doc4Score = Max(SubDocDoc4Score)

Doc5Score = Max(SubDocDoc5Score)

Doc6Score = Max(SubDocDoc6Score)

Doc7Score = Max(SubDocDoc7Score)

Doc8Score = Max(SubDocDoc8Score)

Query ⇒
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CLARIT SubDoc Scoring
SubDocDoc1,1Score = 124

Query ⇒ SubDocDoc1,2Score = 3
SubDocDoc1,3Score = 51

SubDocDoc2,1Score = 2
SubDocDoc2,2Score = 111
SubDocDoc2,3Score = 0

SubDocDoc3,1Score = 109
SubDocDoc3,2Score = 0
SubDocDoc3,3Score = 0

SubDocDoc4,1Score = 101
SubDocDoc4,2Score = 93
SubDocDoc4,3Score = 84

SubDocDoc5,1Score = 88
SubDocDoc5,2Score = 0
SubDocDoc5,3Score = 90

SubDocDoc6,1Score = 0
SubDocDoc6,2Score = 83
SubDocDoc6,3Score = 11

SubDocDoc7,1Score = 82
SubDocDoc7,2Score = 80
SubDocDoc7,3Score = 0

SubDocDoc8,1Score = 0
SubDocDoc8,2Score = 0
SubDocDoc8,3Score = 77
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Feedback Selection (Detail)
SubDocDoc1,1Score = 124

Query ⇒ SubDocDoc1,2Score = 3
SubDocDoc1,3Score = 51

SubDocDoc2,1Score = 2
SubDocDoc2,2Score = 111
SubDocDoc2,3Score = 0

SubDocDoc3,1Score = 109
SubDocDoc3,2Score = 0
SubDocDoc3,3Score = 0

SubDocDoc4,1Score = 101
SubDocDoc4,2Score = 93
SubDocDoc4,3Score = 84

SubDocDoc5,1Score = 88
SubDocDoc5,2Score = 0
SubDocDoc5,3Score = 90

SubDocDoc6,1Score = 0
SubDocDoc6,2Score = 83
SubDocDoc6,3Score = 11

SubDocDoc7,1Score = 82
SubDocDoc7,2Score = 80
SubDocDoc7,3Score = 0

SubDocDoc8,1Score = 0
SubDocDoc8,2Score = 0
SubDocDoc8,3Score = 77

“Top 6”
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Feedback Selection (Detail)
SubDocDoc1,1Score = 124

Query ⇒ SubDocDoc1,2Score = 3
SubDocDoc1,3Score = 51

SubDocDoc2,1Score = 2
SubDocDoc2,2Score = 111
SubDocDoc2,3Score = 0

SubDocDoc3,1Score = 109
SubDocDoc3,2Score = 0
SubDocDoc3,3Score = 0

SubDocDoc4,1Score = 101
SubDocDoc4,2Score = 93
SubDocDoc4,3Score = 84

SubDocDoc5,1Score = 88
SubDocDoc5,2Score = 0
SubDocDoc5,3Score = 90

SubDocDoc6,1Score = 0
SubDocDoc6,2Score = 83
SubDocDoc6,3Score = 11

SubDocDoc7,1Score = 82
SubDocDoc7,2Score = 80
SubDocDoc7,3Score = 0

SubDocDoc8,1Score = 0
SubDocDoc8,2Score = 0
SubDocDoc8,3Score = 77

“Top 6”

Thesaurus
Extraction

⇒
Feedback
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Example: Response to Q310
Q310:
“Evidence that radio 
waves from radio 
towers or car 
phones affect brain 
cancer occurrence”

1: (79319) FT931-11958 
FT  30 JAN 93 / International Company News: US 
mobile phone companies hit by
brain cancer scare  (248.01)

2: (9824) FT921-7096 
FT  25 FEB 92 / Making waves for the world: New 
frequencies  (193.45)

3: (109599) FT933-7815 
FT  19 AUG 93 / Mobiles break into the big time: 
Can cellular communications
replace traditional networks  (139.03)

4: (55650) FT924-5286 
FT  27 NOV 92 / Letter: 0 out of 10  (133.87)

5: (70797) FT931-4108 
FT  12 MAR 93 / Technology: Guarding against 
radio waves - Worth Watching  (132.55)

6: (35765) FT922-15435 
FT  01 APR 92 / Cancer link to power lines 
'inconclusive'  (127.00)
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Alternative Features from “Top 6”
19.4222 (Radio waves)
17.2147 (brain cancer)
15.3293 (Torremolinos)
14.2489 (Cancer link)
13.5272 (mobile)
12.7227 (cellular phones)
12.4477 (New frequencies)
12.4176 (frequencies)
12.2084 (phones)
12.0718 (McCaw)
11.9941 (far, delegates)
11.9941 (fixed telecommunications links)
11.9941 (brain cancer scare)
11.9941 (bouncing signals)
11.9941 (radio waves - Worth Watching)
11.9941 (Mobiles break)
11.9941 (Two main considerations)
11.9941 (powerful voting bloc)
11.9941 (rival agendas)
11.9941 (different technological approaches)
11.9941 (radio regulations)
11.9941 (various national interests)
11.9941 (future colony)
11.9941 (mobile phone companies hit)
11.9941 (global technical standards)
11.8535 (radio programmes)
11.4868 (car phones)
11.2483 (mobile phones)
11.2326 (use frequencies)
11.2326 (radio-based services)
…

3.10544 (Radio waves)
2.50403 (mobile)
2.40001 (phones)
2.2953 (waves)
2.20213 (communications)
2.16951 (frequencies)
1.86238 (brain cancer)
1.67065 (cancer)
1.60654 (Torremolinos)
1.56585 (cellular phones)
1.50992 (technology)
1.48446 (cellular communications)
1.47164 (McCaw)
1.40887 (telephones)
1.39494 (mobile phones)
1.33967 (Cancer link)
1.29725 (scare)
1.27557 (services)
1.25709 (New frequencies)
1.23913 (new services)
1.19067 (car phones)
1.1675 (radio programmes)
1.12297 (radio waves - Worth Watching)
1.1217 (crowded and demands)
1.1217 (imaginative new services)
1.06692 (HDTV)
1.0588 (Mobiles break)
1.05039 (future)
1.0371 (European nations)
1.00999 (wire)
…

8.10115 (Radio waves)
7.93649 (mobile)
7.84788 (cancer)
7.65708 (frequencies)
7.43219 (communications)
6.80806 (phones)
6.43268 (waves)
6.29029 (satellite)
4.82523 (telephones)
4.67565 (services)
4.58431 (brain cancer)
4.16557 (wire)
4.08937 (electro-magnetic fields)
3.84256 (technology)
3.70839 (cellular communications)
3.65359 (mobile communications)
3.57615 (fixed wire)
3.55222 (McCaw)
3.33014 (T)
3.28499 (earth's surface)
3.21504 (new services)
3.09427 (NRPB)
2.95355 (cellular phones)
2.93231 (radio programmes)
2.83377 (space communications)
2.67972 (HDTV)
2.64488 (scare)
2.61404 (smaller handsets)
2.61068 (network)
2.58593 (Handsets)
…

Prob2 Rocchio RocchioFQ
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Pseudo-Relevance Feedback
(Blind Feedback (BF))
Is Remarkably Robust!
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In-Depth Evaluation of BF Effects

• Summer Workshop involving 8 Systems
– Many different retrieval paradigms represented

– Teams explored variations in BF
– All systems operated in fully automatic mode

• 150 Topics (Queries) over 1M+ DB
– A particularly difficult set of topics

– Failure analysis of particularly hard topics
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Results with Increasing Terms

Variation in MAP -- Increasing Number of Expansion Terms
(Feedback Documents Held Constant at 20)
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Results with Increasing Documents
Variation in MAP -- Increasing Number of Feedback Documents 

(Expansion Terms Held Constant at 20)
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Comparative Average Precision
11-point Precision
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Effect of Concentration of Relevants
Expansion - Baseline
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The Problem

• If (pseudo-relevance) feedback helps, 
and if the effect is greater when more 
“true relevants” are in the feedback 
set, then how can we select sub-sets 
of responding documents that 
include more relevants?
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An Observation…

• Relevant Documents tend to Cluster 
Together

• Clusters can “Concentrate” Relevant 
Documents
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Illustration of Clustering Effect
Doc1
Doc2
Doc3
Doc4
Doc5
Doc6
Doc7
Doc8
Doc9
Doc10
Doc11
Doc12
Doc13
Doc14
Doc15
Doc16
Doc17
Doc18
Doc19
Doc20

Q ⇒ 7/20
Rels Doc1 ; Doc4 ;

Doc5 ; Doc7 ;
Doc8 ; Doc10 ;
Doc14 ; Doc18

Doc2 ; Doc3 ; 
Doc6 ; Doc19

Doc9 ; Doc11 ; 
Doc12 ; Doc16 ; 
Doc17

Doc13 ; Doc15 ; 
Doc20

6/8
Rels
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A Note on Clustering
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What is Clustering ?

• Clustering automatically groups objects based 
on their contents without any pre-defined 
classes
– objects within a cluster are similar to each other

– objects in different clusters are different
• Objects can be

– documents / subdocuments / sentences
– concepts

– terms
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Document Clustering Procedures

• Document analysis
– segment documents into text components
– extract features using NLP
– select features based on statistics and selection methods

• Clustering
– find the relationship among the documents based on the 

similarity function
– group the documents into tree structure (Hierarchical 

algorithms) or flat categories (Partitioning Algorithms)
• Tree slicing (Hierarchical algorithms only)

– flatten the tree to reflect the desired granularity
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Document Similarity 
The Vector Space Model

Doc1 Doc2 Doc3
Money 0.5 0.3
Credit 0.7
Stock 0.5 0.6
Fund
Technology 0.8 1
Internet 0.5 0.6
Computer 0.4

Documents are represented 
by vectors of weighted 
features in Vector Space

Doc1

Doc2

Cosine measure is the angle between the two vectors

The proximity of two 
documents is computed by  
similarity functions, e.g., 
Cosine, Dice, Jaccard
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Hierarchical Clustering
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Tree Slicing 
(Hierarchical Algorithms)

Slice the tree 
with threshold 
0.45

D4 D5D1 D2 D3 D6

0.7

0.4 0.5

0.6

0.3 • The clustering results from 
hierarchical algorithms can 
be represented by a binary 
tree

D4 D5D1 D2 D3 D6

0.7 0.6

0.5

C1uster1 C1uster2 C1uster3

• Flattening the clustering 
tree using a threshold to 
reflect the user’s desired 
granularity of the structure 
of the document set
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IR Results Using Clustering
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Can a Cluster Out-Perform Top-N?
Doc1
Doc2
Doc3
Doc4
Doc5
Doc6
Doc7
Doc8
Doc9
Doc10
Doc11
Doc12
Doc13
Doc14
Doc15
Doc16
Doc17
Doc18
Doc19
Doc20

…
Doc50

Q ⇒ Baseline Result (No BF) 1

Top-20,85 BF Result 2

Clustering of Top 50

BF Result

BF Result

BF Result

BF Result

Max

3
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Per-Topic Performance

Baseline vs. Top-N Feedback
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Sorted by Decreasing Performance of Top-N BF

Top-N BF is typically better
than baseline performance!

0.2390 vs. 0.2050
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Per-Topic Performance

Baseline vs. Top-N Feedback vs. MAX Cluster
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Sorted by Decreasing Performance of Top-N BF

Max Cluster BF is typically
much better than Top-N!

0.2848 vs. 0.2390 vs. 0.2050
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Per-Topic Performance
TopN - Baseline

-0.70

-0.50

-0.30

-0.10

0.10

0.30

0.50

0.70

Topics

d
el

ta
 i

n
 M

A
P

 s
co

re

BF with Top-N typically improves performance over
the baseline and (almost!) never hurts.

10% absolute difference
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Per-Topic Performance
MAX Cluster - Baseline
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BF based on the “best” cluster (almost!) always beats
the baseline and (almost!) never hurts.

10% absolute difference
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Per-Topic Performance
MAX Cluster - TopN
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For each topic (almost!), there is a cluster
(size < Top-N), such that BF using that cluster
gives better results than BF with Top-N.

10% absolute difference
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Challenge: Pick the Right Cluster!

• Given that BF based on a “good” cluster 
can lead to better performance than BF 
based on Top-N, the problem is now, 
simply, automatically, to pick the “right” 
cluster…

• While working on this problem, we might 
observe the following:

• People are very good at recognizing 
clusters that contain relevant documents.  
This suggests that presenting retrieval 
results in clusters specifically for feedback 
choices is a good strategy.
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Clustering for Corpus Analysis
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Documents are not Created Equal

• In any DB of documents (and in any set of results to 
a query!), there are likely to be documents of 
different status for each topic.
– Surveys
– Detailed reports
– Abstracts
– Critical Reviews
– Technical Notes (vs. Published Articles)
– Patents (vs. Papers)
– News Articles
– Etc.

• Structure (links) among documents (as on the Web) 
can be exploited to help differentiate status, but what 
can we do with free-text documents in DBs?
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Hubs & Authorities Analysis

Local “Authority”
Local “Hub”
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Structure Analysis in Free-Text DBs

• Step 1: Connect each document to 
others via “similarity” links, based on 
sub-document units; keep track of the 
“in” and “out” links

• Step 2: Cluster the sub-documents
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0

Similarity-Link Network
1 2 3 …
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Similarity-Link Network
0 1 2 3 …
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Similarity-Link Network
0 1 2 3 …
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Similarity-Link H/A Analysis

Clustering reveals which
documents (sub-documents)
are related thematically;
link analysis reveals which
documents (sub-documents)
are the “local” and “global”
hubs and authorities.

LH
LA

GH

LA
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An Illustration of Structure Discovery
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“Hard” / “Soft” Clustering

• Form “Hard Clusters”—for Precision   
(Use a method that clusters documents 
based on sub-documents)

• Make a “Classifier” (“Query”) for each 
Hard Cluster

• Apply Classifiers to the whole DB—
Each Result is a “Soft Cluster” 
(Use a method that assigns documents to 
soft clusters based on sub-documents)

• Count Document Overlaps 
(and Membership Scores) 
across “Soft Clusters”
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Examples of Hard Clusters
Gold-Standard
DB of 5,174 Docs
in 95 Categories
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Hard Cluster “E”
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Soft Cluster “E”



Power of Clustering © 2003, Dr. David A. Evans, Clairvoyance Corporation 56October 20, 2003

Soft Cluster “E”—Sorted for Hubs
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Hard Cluster “AB”
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Soft Cluster “AB”
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Soft Cluster “AB”—Sorted for Hubs
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Hard Cluster “DW”
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Soft Cluster “DW”
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Soft Cluster “DW”—Sorted for Hubs
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Conclusions
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How Much ‘Quality’ is Possible?
Human Effort vs. Retrieval Performance
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• State-of-the-Art IR is quite good and significant 
improvements are hard to find.

• A remarkably effective technique—PRF—may be made 
stronger by clustering documents to concentrate 
relevants.

• The new challenge is to pick the “right” clusters 
automatically…

• New applications of clustering can also reveal 
document relations—making it possible discover 
document status in unstructured collections.

• These techniques have implications for IR, for user 
interface design (and user interaction), for text mining 
(e.g., patent collections), and for automating the 
discovery of latent semantics.

Conclusions
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The End


