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Abstract

We cast the ranking problem as (1) multiple classificatiovid®) (2) multiple or-
dinal classification, which lead to computationally trdd¢alearning algorithms
for relevance ranking in Web search. We consider the DC@rauit (discounted
cumulative gain), a standard quality measure in infornmatitrieval. Our ap-
proach is motivated by the fact that perfect classificati@ssilt in perfect DCG
scores and the DCG errors are bounded by classificationseVde propose us-
ing theExpected Relevandte convert class probabilities into ranking scores. The
class probabilities are learned using a gradient boostagydlgorithm. Evalua-
tions on large-scale datasets show that our approach caovaipambdaRank5]
and the regressions-based ranker [6], in terms of the (H@d DCG scores. An
efficient implementation of the boosting tree algorithmlgoaresented.

1 Introduction

The generatankingproblem has widespread applications including commeseiatch engines and
recommender systems. We deveMpRank a computationally tractable learning algorithm for the
general ranking problem; and we present our approach inathiext of ranking in Web search.

For a given user input query, a commercial search enginenetnany pages of URLS, in an order
determined by the underlying proprietary ranking algaritiThe quality of the returned results are
largely evaluated on the URLs displayed in the very first padee type of ranking problem in this
study is sometimes referred to dgnamic rankingor simply, justranking), because the URLs are
dynamically ranked (in real-time) according to the speaciSer input query. This is different from
the query-independestatic rankingbased on, for example, “page rank” [3] or “authorities and
hubs” [12], which may, at least conceptually, serve as aroitamt “feature” for dynamic ranking
or to guide the generation of a list of URLSs fed to the dynaraitker.

There are two main categories of ranking algorithms. A papstheme is based on learning
pairwise preferences, includingankNet[4], LambdaRanK5], RankSVM[11], RankBoos{7],
GBRank14], andFRank[13]. Both LambdaRankndRankNetused neural nets.RankNetused

a cross-entropy type of loss function an@mbdaRankised a gradient based on NDCG smoothed
by the RankNet loss. Another scheme is based on regresdid6][6onsidered the DCG measure
(discounted cumulative gain) [10] and showed that the DGGrgiare bounded by regression errors.

In this study, we also consider the DCG measure. From theitiefiof DCG, it appears more direct

to cast the ranking problem as multiple classification (“Ma$ opposed to regression. In order to
convert classification results into ranking scores, we psepa simple and stable mechanism by
using theExpected Relevanc®ur evaluations on large-scale datasets demonstrate pleeicrity

of the classification-based rank&f¢RanR over both the regression-based and pair-based schemes.

2 Discounted Cumulative Gain (DCG)

For an input query, the ranker retumsrdered URLs. Suppose the URLSs fed to the ranker are orig-
inally ordered{1, 2, 3, ..., n}. The ranker will output a permutation mapping {1,2,3,...,n} —
{1,2,3,...,n}. We denote the inverse mappingdy= o (i) = 7~ 1(4).

The DCG score is computed from the relevance levels ofitb&RLs as

DCG= ¢ (2% —1) = ey (2 — 1), (1)
i=1 i=1

*Much of the work was conducted while Ping Li was an intern atfgisoft in 2006.
*In fact LambdaRank supports any preference function, atthdhe reported results in [5] are for pairwise.



where[:] is the rank order, ang; € {0,1,2,3,4} is therelevancelevel of theith URL in the
original (pre-ranked) ordeyy; = 4 corresponds to a “perfect” relevance apnd= 0 corresponds to

a “poor” relevance. For generating training datasets, hujumdges have manually labeled a large
number of queries and URLSs. In this study, we assume theséslake “gold-standard.”

In the definition of DCG¢y;), which is a non-increasing function gfis typically set as
1
= —_— < N o=
Cli] log(l n i)’ if i <L, and Cli) 0, if ¢ >1L, 2)
whereL is the “truncation level” and is typically set to He= 10, to reflect the fact that the search
quality of commercial search engines is mainly determinethb URLSs displayed in the first page.

Suppose a dataset contaiNg queries. It is a common practice to normalize the DCG scare fo
each query and report the normalized DCG (“NDCG") score ayed over all queries. In other
words, the NDCG for thgth query (NDCG) and the final NDCG of the dataset (NDG@are

No

DCG;

5CG ;" NDCGr = — le NDCG;, (3)

where DCG 4 is the maximum possible (or “gold standard”) DCG score ofjttequery.

NDCG; =

3 Learning to Rank Using Classification

The definition of DCG suggests that we can cast the rankinglgno naturally as multiple classi-
fication (i.e., K = 5 classes), because obviously perfect classifications ealdl to perfect DCG
scores. While the DCG criterion is non-convex and non-simamssification is very well-studied.

We should mention that one does not really need perfectifitat®ons in order to produce perfect
DCG scores. For example, suppose within a query, the URLalblabeled level 1 or higher. If
an algorithm always classifies the URLs one level lower,(URLs labeled level 4 are classified as
level 3, and so on), we still have the perfect DCG score butlgsification “error” ist00%. This
phenomenon to an extent, may provide some “safety cusharcdsting ranking as classification.

[6] cast ranking as regression and showed that the DCG arerdsounded by regression errors. It
appears to us that the regression-based approach is lessatid possibly also less accurate than our
classification-based proposal. For example, it is wellvimthat, although one can use regression
for classification, it is often better to use logistic regiea especially for multiple classification [8].

3.1 Bounding DCG Errors by Classification Errors

Following [6, Theorem 2], we show that the DCG errors can henoled by classification errors.
For a permutation mapping, the error is DCG - DCG,. One simple way to obtain the perfect
DCG, is to rank the URLs directly according to the gold-standaigvance levels. That is, all
URLs with relevance level + 1 are ranked higher than those with relevance levet; and the

URLs with the same relevance levels are arbitrarily rankédout affecting DCG. We denote the
corresponding permutation mapping alsogby

Lemma 1 Givenn URLs, originally ordered a1, 2, 3, ...,n}. Suppose a classifier assigns a rele-
vance levelj; € {0,1,2, 3,4} to theith URL, for alln URLs. A permutation mappingranks the
URLs according taj;, i.e.,n(i) < w(j) if §; > ¢;, and, URLi and URL; are arbitrarily ranked if

9 = g;. The corresponding DCG error is bounded by the square rott@tlassification error,

1/2 /o, 1/2
DCG, — DCG, <15v2 <Zcm an”) (Z 1yi¢gi> . 4

=1
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Note thatd "7, cir,) (2% — 1) > 37| ¢4, (2% — 1). Therefore,

DCG, — DCG; < i C[‘"?] <2yi _ 2?}1,)

n 172 / n 2\ /2 n 1/2 n 1/2
< <Z (C[gi] - C[ﬂ])2) (Z <2y7 - Ai) ) < (22 Cl) — 2nH C2/n) 15 (Z 1@/1‘#?21,)
i=1 i=1

i—1 i=1
Note that)_"_, C[2m,] =3, C[Qgi] =y, C[Qi], I, C[2m,] =T, 0[291:] =1, cﬁ-], and2* — 20 = 15.

Thus, we can minimize the classification erpot’_, 1,24, as a surrogate for minimizing the DCG
error. Of course, since the classification error itself im4convex and non-smooth, we actually
should use other (well-known) surrogate loss functionf asc(7).

3.2 Input Data for Classification

A training dataset containd queries. Thejth query corresponds to; URLs; each URL is
manually labeled by one of th& = 5 relevance levels. Engineers have developed methodologies
to construct “features” by combining the query and URLSs,thetdetails are usually “trade secret.”

One important aspect in designing features, at least fardgheenience of using traditional machine
learning algorithms, is that these features should be cosbpmacross queries. For example, one
(artificial) feature could be the number of times the quenyesgps in the Web page, which is com-
parable across queries. Both pair-based rankers and segrdsased rankers implicitly made this
assumption, as they tried to learn a single rank functioaflafueries using the same set of features.

Thus, after we have generated feature vectors by combihingueries and URLS, we can create a

“training data matrix” of sizéV x P, whereN = Z % n; is the total number of “data points” (i.e.,
Query+URL) andP is the total number of features. This way, we can use thetioadi machine
learning notatio{y;, x;}% ; to denote the training dataset. Hetee R’ is theith feature vector
in P dimensions; ang; € {0,1,2,3,4 = K — 1} is the class (relevance) label of tith data point.

3.3 From Classification to Ranking

Although perfect classifications lead to perfect DCG scdreseality, we will need a mechanism to
convert (imperfect) classification results into rankingres.

One possibility is already mentioned in Lemma 1. That is, Vassify each data point into one of
the K = 5 classes and rank the data points according to the class ladsh points with the same
labels are arbitrarily ranked). This suggestion, howewéf|ead to highly unstable ranking results.

Our proposed solution is very simple. We first learn the gimsbabilities by someoft classification
algorithm and then score each data point (query+URL) adegtd theExpected Relevance

Recall we assume a training dataéet, x; } ¥ ;, where the class labg} € {0,1,2,3,4 = K — 1}.
We learn the class probabilities, = Pr(y; = k), denoted by, ., and define a scoring function:
K-1
®)
k=0

whereT (k) is some monotone (increasing) function of the relevancel levOnce we have com-
puted the score§; for all data points, we can then sort the data points withicheguery by the
descending order o;. This approach is apparently sensible and highly stabléad we exper-
imented with bothT’(k) = k andT'(k) = 2*; the performance difference in terms of the NDCG
scores was negligible, althou@t{k) = k appeared to be a slightly better choice (see Figure 3(c) in
Appendix Il). In this paper, the reported experimental lsswere based oft' (k) = k.

WhenT(k) = k, the scoring functiort; is the Expected RelevanceNote that any monotone

transformation ors; (e.g.,2% — 1) will not change the ranking results. Consequently, theiran
results are not affected by any affine transformatioff'dh), «T'(k) + b, (e > 0), because

K-1 K-1 K—-1
Z ik (@ x T(k)+b) =ax <Z pi,kT(k)) + b, since Z ik = 1. (6)

k=0 k=0 k=0



3.4 The Boosting Tree Algorithm for Learning Class Probabilties
For multiple classification, we consider the following commr(e.g., [8, 9]) surrogate loss function

N
2 D, ~lo(i) L= @)

i=1 0

X

zﬂ
I

Algorithm 1 implements a boosting tree algorithm for leamnclass probabilitiep; ;; and we use
basically the same implementation later for regressionedsas multiple ordinal classification.

Algorithm 1 The boosting tree algorithm for multiple classificatiorkea from [9, Algorithm 6],
although the presentation is slightly different.
0: g;x = 1, if y; = k, andy; , = 0 otherwise.
1.F,r=0,k=0t0K-1,i=1to N
2: Form = 1to M Do
Fork =0to K — 1 Do
Pik = exp( k) Yoo exp(Fi,)
{Rj,k,m}j:l = J-terminal node regression tree f0§; x — pik, xi}Y,

i €Rj km Yi,k—DPik

B b = K1
J,k,m K leeR o (1=Pik)pik

J
Fir=Fir+ sz':l 5.j7k7m1x1:€Rj,k,m

End

ooy o GO krw

End

There are three main parameterd. is the total number of boosting iterations,is the tree size
(number of terminal nodes), ands the shrinkage coefficient. As commented in [9] and verified
our experiments, the performance of the algorithm is nositiga to these parameters.

In Algorithm 1, Line 5 contains most of the implementationriyd.e., building the regression trees
with J terminal nodes. Appendix | describes an efficient implemto for building the trees.

4 Multiple Ordinal Classification to Further Improve Rankin g

There is the possibility to (slightly) further improve oulassification-based ranking scheme by
taking into account the natural orders among the classdabel, the multiple ordinal classification.

A common approach for multiple ordinal classification is &arin the cumulative probabilities
Pr (y; < k) instead of the class probabiliti@r (y; = k) = p;,. We suggest a simple method
similar to the so-called cumulative logits approach knowatatistics [1, Section 7.2.1].

We first partition the training data points into two grougg; > 4} and{y; < 3}. Now we have

a binary classification problem and hence we can use exetlgame boosting tree algorithm for
multiple classification. Thus we can ledPr (y; < 3) easily. We can similarly partition the data and
learnPr (y; < 2), Pr (y; < 1), andPr (y; < 0), separately. We then infer the class probabilities

pik =Pr(yi=k)=Pr(y; <k)-Pr(yi<k—-1), ®)

and again we use tHexpected Relevante compute the ranking scores and sort the URLSs.

We call both rankers based on multiple classification andipielordinal classification agiIcRank

5 Regression-based Ranking Using Boosting Tree Algorithm

With slight modifications, the boosting tree algorithm canused for regressions. Recall the input
data are{y;, x; } Y ;, wherey; € {0,1,2,3,4}. [6] suggested regressing the feature vectgren
the response valuey: — 1.

Algorithm 2 implements the least-square boosting treerdlgn. The pseudo code is similar to [9,
Algorithm 3] by replacing thel() least absolute deviation (LAD) loss with thig)least square loss.

In fact, we also implemented the LAD boosting tree algorithuth we found the performance was
considerably worse than the least-square tree boost.



Algorithm 2 The boosting tree algorithm for regressions. After we haeeried the values fdf;,
we use them directly as the ranking scores to order the datéspeithin each query.
g =2V — 1
1S = %Zi\le.ﬁs, i=1t0N
: Form = 1to M Do
{Rj,m}j:l = J-terminal node regression tree fo§; — S;, x;}Y
Bjm = M€, er; ,, Vi — Si
J
Si = SZ + v Zj:l ﬁ.j7m1xieRj,7n

oNognMRE O

End

6 Experimental Results

We present the evaluations of 4 ranking algorithiranjibdaRankvith two-layer nets, regression,
multiple classification, and multiple ordinal classificat) on 4 datasets, including one artificial
dataset and three Web search datasets, denoted by Web-D,,\aketh Web-3. The artificial dataset
and Web-1 are the same datasets used in [5]. Web-2 is the mat@ised used in [13].

For the artificial data and Web-1, [5] reported thambdaRanknprovedRankNeby about 1.0%)

NDCG. For Web-2, [13] reported th&Rankslightly improvedRankNe{by about 0.5 %) NDCG)

and considerably improvddankSVMandRankBoostbut [13] did not compare withambdaRank
Our experiment showed theambdaRanknprovedFRankby about 0.9 %) NDCG on Web-2.

6.1 The Datasets

The artificial dataset [5] was meant to remove any varianasaxdby the quality of features and/or
relevance labels. The data were generated from random pobjinomials, with 50 features, 50
URLSs per query, and 10,000/5,000/10,000 queries for tralitfation/test.

The Web search dataset Web-1 [5] has 367 features and 18,000/10,000 queries for
train/validation/test, with in total 652,500 URLSs.

Web-2 [13] has 619 features and 12,000/3,800/3,800 qufmigsain/validation/test, with in total
1,741,930 URLs. Note that this dataset is only partiallyelad with 20 unlabeled URLSs per query.
These unlabeled URLs were assigned the level 0 [13].

Web-3 has 450 features and 26,000 queries, with in total59PAURLs. We conducted five-fold
cross-validations and report the average NDCG scores.

6.2 The Parameters:M, J, v

There are three main parameters in the boosting tree digurit/ is the total number of iterations,
J is the number of terminal nodes in each tree, amglthe shrinkage factor. Our experiments verify
that these parameters are not sensitive as long as theythie sgme “reasonable” ranges [9]. Since
these experiments are time-consuming, we did not tune thesenetersiX/, J, v) exhaustively;
but the experiments appear to be convincing enough to éstahk superiority oMcRank

[9] suggested setting < 0.1, to avoid over-fitting. We fixx = 0.05 for the artificial dataset
and Web-1, and fix = 0.02 for Web-2 and Web-3. The number of terminal nodésshould be
reasonably big (but not too big) when the dataset is largle sviarge number of features, because
the tree has to be deep enough to consider higher-ordeadtigms [9]. We let/ = 10 for the
artificial dataset and Web-1, = 40 for Web-2, and/ = 20 for Web-3.

With these values of andv, we did not observe obvious over-fitting even for a very largmber
of boosting iterationd/. We will report the results witi/ = 1000 for the artificial data and Web-1,
M = 2000 for Web-2, andV/ = 1500 for Web-3.

6.3 The Test NDCG Results at Truncation LevellL = 10

Table 1 lists the NDCG results (both the mean and standardti®v, in percentage$4)) for all 4
datasets and all 4 ranking algorithms, evaluated at thetion levell = 10.

The NDCG scores indicate that tHdtRank(ordinal classification and classification) considerably
improves the regression-based ranker hathbdaRank If we conduct a one-sidedtest, the im-



Table 1:The test NDCG scores produced by 4 rankers on 4 datasetsv&taga NDCG scores are presented
in percentages{) with the standard deviations in the parentheses. Notedahéte artificial data and Web-1,
the LambdaRankesults were taken directly from [5]. We also report the {sited)p-values to measure the
statistical significance of the improvement\€éRankover regression andambdaRankFor the artificial data,
Web-1, and Web-3, we use the ordinal classification resaltompute thep-values. However, for Web-2,
because our implementation for testing ordinal classificatequired too much memory fav/ = 2000, we
did not obtain the final test NDCG scores; the partial resntteated that ordinal classification did not improve
classification for this dataset. Therefore, we computepthialues using classification results for Web-2.

Datasets Ordinal Classification  Classification Regresgia@lue LambdaRanlg-value
Artificial [5]  85.0 (9.5) 83.7 (9.9) 82.9(10.2), 0 74.9, (62. 0

Web-1 [5] 72.4 (24.1) 72.2 (24.1) 71.7 (24.4), 0.021 71.2%240.0002
Web-2[13] — 75.8 (23.8) 74.7 (24.4), 0.023 74.3 (24.3), 6.00
Web-3 72.5 (26.5) 72.4 (27.3) 72.0 (27.6), 0.017 71.3 (2838 x 1077

provements are significant at ab@®8t% level. However, multiple ordinal classification did not sho
significant improvement over multiple classification, gxcfer the artificial dataset.

For the artificial data, all other 3 rankers exhibit very mmmnprovements ovdrambaRankThis is
probably due to the fact that the artificial data are gendnatése-free and hence the flexible (with
high capacity) rankers using boosting tree algorithms terfi the data very well.

6.4 The NDCG Results at Various Truncation Levels [ = 1 to 10)

For the artificial dataset and Web-1, [5] also reported theCi3scores at various truncation levels,
L = 1to10. To make the comparisons more convincing, we also repoitssinesults for the arti-
ficial dataset and Web-1, in Figure 1. For a better clarityplot the standard deviations separately
from the averages. Figure 1 verifies that the improvemerdwstin Table 1 are not only true for
L = 10 but also (essentially) true for smaller truncation levels.
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Figure 1: The NDCG scores at truncation levels= 1 to 10, for four datasets. Upper Panels: the
average NDCG scores. Bottom Panels: the correspondingasthdeviations.

7 Conclusion

The ranking problem has become an important topic in machkeéaening, partly due to its
widespread applications in many decision-making processeecially in commercial search en-
gines. In one aspect, the ranking problem is difficult beeat® measures of rank quality are
usually based on sorting, which is not directly optimizafaeleast not efficiently). On the other
hand, one can cast ranking into various classical learmisigstsuch as regression and classification.

The proposed classification-based ranking scheme is nexity the fact that perfect classifications
lead to perfect DCG scores and the DCG errors are boundecklntaksification errors. It appears



natural that the classification-based ranker is more dimedishould work better than the regression-
based ranker suggested in [6]. To convert classificatianteinito ranking, we propose a simple and
stable mechanism by using tB&pected Relevanceomputed from the learned class probabilities.

To learn the class probabilities, we implement a boostieg tlgorithm for multiple classifica-
tion and we use the same implementation for multiple orditesification and regression. Since
commercial proprietary datasets are usually very largadaptive quantization-based approach ef-
ficiently implements the boosting tree algorithm, whichidgssorting and has lower memory cost.

Our experimental results have demonstratedieRank(including multiple classification and mul-
tiple ordinal classification) outperforms both the regi@ssased ranker and the pair-basednb-
daRank However, except for the artificial dataset, we did not obsaignificant improvement of
ordinal classification over classification.

In a summary, we regatdcRankalgorithm (retrospectively) simple, robust, and capalbjeroduc-
ing quality ranking results.

Appendix | An Efficient Implementation for Building Boosting Trees

We use the standard regression tree algorithm [2], whichrsaely splits the training data points
into two groups on the current “best” feature that will redtite mean square errors (MSE) the most.
Efficient (in both time and memory) implementation needsagare. The standard practice [9] is to
pre-sort all the features; then after every split, cargfkdlep track of the indexes of the data points
and the sorted orders in all other features for the next split

We suggest a simpler and more efficient approach, by takimgradge of some properties of the
boosting tree algorithm. While the boosting tree algoritisnwell-known to be robust and also
accurate, an individual tree has limited predictive powet asually can be built quite crudely.

When splitting on one feature, Figure 2(a) says that sonastiifme split point can be chosen within a
certain range without affecting the accuracy (i.e., theioed MSE due to the split). In Figure 2(b),
we bin (quantize) the data points into two (0/1) levels ontthgzontal (i.e., feature) axis. Suppose
we choose the quantization as shown in the Figure 2(b), treeadcuracy will not be affected either.

Y| = Bin length
y : Ded e y s L. il .
S e o] e ‘: 3‘: T 2T
RO O I N .
AR | s : .
ss® Xm0 s enox [T TESTE T X
01 23 456789 10 1112
(a) (b) (©

Figure 2: To split on one feature), we seek a split point on = such that after the splitting, the
mean square error (MSE, in theaxis) of the data points at the left plus the MSE at the right is
reduced the most. Panel (a) suggests that in some cases wkamses in a range (withinsy, and

sg) without affecting the reduced MSE. Panel (b) suggests thae bin the data on the axis to

be binary, the reduced MSE will not be affected either, if dla¢a are binned in the way as in (b).
Panel (c) pictures an adaptive binning scheme to make theamcloss (if any) as little as possible.

Of course, we would not know ahead of time how to bin the dagtdd losing accuracy. Therefore,
we suggest an adaptive quantization scheme, pictured imé-2(c), to make the accuracy loss (if
any) as little as possible. In the pre-processing stagesdoh feature, the training data points are
sorted according to the feature value; and we bin the feaalues in the sorted order. We start with
a very small initial bin length, e.g10—%. As shown in Figure 2(c), we only bin the data where there
are indeed data, because the boosting tree algorithm wilteowsider the area where there are no
data anyway. We set an allowed maximum number of bins, ddrmte3. If the bin length is so
small that we need more th@hbins, we simply increment the bin length and re-do the qaatitin.
After the quantization, we replace the original featurareaby the bin labels (0, 1, 2, ...). Note that
since we start with a small bin length, the ordinal categdifieatures are naturally taken care of.

This simple binning scheme is very effective particuladythe boosting tree algorithm:



¢ It simplifies the implementation. After the quantizationete is no need for sorting (and
keeping track of the indexes after splitting) because walaonbucket sort” implicitly.

o It speeds up the computations for the tree-building stepbtittleneck of the algorithm.

e |t reduces the memory cost for training. For example, if wetke maximum allowed
number of bins to bé = 28, we only need one byte per data entry.

o It does not really result in loss of accuracy. We experimemtith both B = 28 = 256 and
B = 2'6 = 65536; and we did not observe real differences in the NDCG scottémagh
reported experimental results were all baseddos 2. See Appendix Il, Figure 3(a)(b).

Appendix I Some More Experiments on Web-1

Figure 3 (a)(b) present the experiment with our adaptiventjpation scheme on Web-1 dataset. We
binned the data with the maximum bin numbder= 23 24 25 26 27 28 and2'®. In (a) and (b),
the horizontal axis is the “exponent” &f. Panel (a) plots the relative number of total bins in Web-1
as a function of the exponent, normalized by the total nurobéins atB = 2. Panel (b) plots
the “NDCG loss” due to the quantization, relative to the ND&®res a3 = 2'6. WhenB = 28,

the total number of bins is only aboéft; of that whenB = 216; however, both quantization levels
achieved the same test NDCG scores. Besides the benefit plutational efficiency, quantization
can also be considered as a way of “regularization” to slowrdthe training, as reflected in (b).
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s . n
70
107 -4 69
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Figure 3: Web-1. (a)(b): Experiment with our adaptive quzaiton scheme. (c): Experiment with
two different scoring functions.

Figure 3 (c) compares two scoring functions to convert ledrolass probabilities into rank-
ing scores, including th&xpected Relevancg; = ZkK:_Ol pi.xk and theExpected GainS; =

ZkK:_Ol pie (28 —1). Panel (c) suggests that using tEepected Relevands consistently better
than using thé&xpected Gaitbut the differences are small, especially for the test NDC@es.
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