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Inverted	  indexes	  

•  Core	  data	  structure	  of	  Informa$on	  Retrieval	  
•  We	  seek	  fast	  and	  space-‐efficient	  encoding	  of	  
pos$ng	  lists	  (index	  compression)	  

a	   2,	  3	  
banana	   3	  
is	   1,	  2,	  3	  
it	   1,	  3	  
not	   1	  
what	   1,	  2	  

1:	  [it	  is	  what	  it	  is	  not]	  
2:	  [what	  is	  a]	  
3:	  [it	  is	  a	  banana]	  

Docid	   Document	   Pos$ng	  list	  



Sequences	  in	  pos$ng	  lists	  

•  Generally,	  a	  pos$ng	  lists	  is	  composed	  of	  
– Sequence	  of	  docids:	  strictly	  monotonic	  
– Sequence	  of	  frequencies/scores:	  strictly	  posi$ve	  
– Sequence	  of	  posi$ons:	  concatena$on	  of	  strictly	  
monotonic	  lists	  

– Addi$onal	  occurrence	  data:	  ???	  
•  We	  focus	  on	  docids	  and	  frequencies	  



Sequences	  

Monotonic	   Strictly	  
monotonic	  

Non-‐nega$ve	  
Strictly	  

non-‐nega$ve	  
(Posi$ve)	  

ai	  +	  i	  

ai	  -‐	  1	  

ai	  –	  ai	  -‐	  1	  ai
i=0

i

∑

Docids	  

Scores	  

Interpola$ve	  
coding	  

Gap	  coding	  

Elias	  Fano!	  



Elias-‐Fano	  encoding	  

•  Data	  structure	  from	  the	  ’70s,	  mostly	  in	  the	  
succinct	  data	  structures	  niche	  

•  Natural	  encoding	  of	  monotonically	  increasing	  
sequences	  of	  integers	  

•  Recently	  successfully	  applied	  to	  inverted	  
indexes	  [Vigna,	  WSDM13]	  
– Used	  by	  Facebook	  Graph	  Search!	  



Elias-‐Fano	  representa$on	  

Example:	  2,	  3,	  5,	  7,	  11,	  13,	  24	  
	  

00010 
00011 
00101 
00111 
01011 
01101 
11000 

l	  lower	  bits	  

w – l	  upper	  bits	  

1101101010001010110111110100	  
Elias-‐Fano	  representa$on	  of	  the	  sequence	  

000	  

001	  

010	  

011	  

110	  

Count	  in	  unary	  the	  size	  of	  upper	  bits	  “buckets”	  
including	  empty	  ones	  

11011010100010	  

100 
101	  

Concatenate	  lower	  bits	  

10110111110100	  



Elias-‐Fano	  representa$on	  

Example:	  2,	  3,	  5,	  7,	  11,	  13,	  24	  
	  

00010 
00011 
00101 
00111 
01011 
01101 
11000 

l	  lower	  bits	  

w – l	  upper	  bits	  
1101101010001010110111110100	  
	  Elias-‐Fano	  representa$on	  of	  the	  sequence	  

Maximum	  bucket:	  [U	  /	  2l]	  
Example:	  [24	  /	  22]	  =	  6	  =	  110 

Space	  
[U	  /	  2l]	  +	  n	  +	  nl bits	  

n:	  sequence	  length	  
U:	  largest	  sequence	  value	  

Upper	  bits:	  one	  0	  per	  bucket	  and	  one	  1	  per	  value 



Elias-‐Fano	  representa$on	  

Example:	  2,	  3,	  5,	  7,	  11,	  13,	  24	  
	  

00010 
00011 
00101 
00111 
01011 
01101 
11000 

l	  lower	  bits	  

w – l	  upper	  bits	  

[U	  /	  2l]	  +	  n	  +	  nl bits	  

Can	  show	  that	  	  
l = [log(U/n)]	  
is	  op$mal	  

(2	  +	  log(U/n))n	  bits	  
	  

U/n	  is	  “average	  gap”	  



Elias-‐Fano	  representa$on	  

Example:	  2,	  3,	  5,	  7,	  11,	  13,	  24	  
	  

00010 
00011 
00101 
00111 
01011 
01101 
11000 

l	  lower	  bits	  

w – l	  upper	  bits	  
nextGEQ(6)	  ?	  

[6	  /	  22]	  =	  1	  =	  001 
Find	  the	  first	  GEQ	  bucket	  

=	  find	  the	  1-‐th	  0	  in	  upper	  bits 

Linear	  scan	  inside	  the	  (small)	  bucket 

=	  7	  

With	  addi$onal	  data	  structures	  and	  
broadword	  techniques	  -‐>	  O(1)	   

11011010100010	  



Elias-‐Fano	  representa$on	  

Example:	  2,	  3,	  5,	  7,	  11,	  13,	  24	  
	  

00010 
00011 
00101 
00111 
01011 
01101 
11000 

l	  lower	  bits	  

w – l	  upper	  bits	  
1101101010001010110111110100	  
	  Elias-‐Fano	  representa$on	  of	  the	  sequence	  

(2	  +	  log(U/n))n-‐bits	  space	  
independent	  of	  values	  distribu1on!	  

…	  is	  this	  a	  good	  thing?	  



Term-‐document	  matrix	  

•  Alterna$ve	  interpreta$on	  of	  inverted	  index	  

•  Gaps	  are	  distances	  between	  the	  Xs	  

a	   2,	  3	  
banana	   3	  
is	   1,	  2,	  3	  
it	   1,	  3	  
not	   1	  
what	   1,	  2	  

1	   2	   3	  
a	   X	   X	  
banana	   X	  
is	   X	   X	   X	  
it	   X	   X	  
not	   X	  
what	   X	   X	  



Gaps	  are	  usually	  small	  
•  Assume	  that	  documents	  from	  the	  same	  
domain	  have	  similar	  docids	  

…	   unipi.it/	  
	  

unipi.it/	  
students	  

unipi.it/	  
research	  

unipi.it/.../	  
omaviano	  

… sigir.org/	   sigir.org/	  
venue	  

sigir.org/	  
fullpapers	  

…	  

…	  

pisa	   X	   X	   X	   X	   X	  

…	  

sigir	   X	   X	   X	   X	  

...	  

Pos$ng	  lists	  contain	  long	  runs	  of	  very	  close	  integers	  
–  That	  is,	  long	  runs	  of	  very	  small	  gaps	  

“Clusters”	  of	  docids	  



Elias-‐Fano	  and	  clustering	  

•  Consider	  the	  following	  two	  lists	  
– 1,	  2,	  3,	  4,	  …,	  n	  –	  1,	  U	  
– n	  random	  values	  between	  1	  and	  U	  

•  Both	  have	  n	  elements	  and	  largest	  value	  U	  
– Elias-‐Fano	  compresses	  both	  to	  the	  exact	  same	  
number	  of	  bits:	  (2	  +	  log(U/n))n	  

•  But	  first	  list	  is	  far	  more	  compressible:	  it	  is	  
“sufficient”	  to	  store	  n	  and	  U:	  O(log	  n	  +	  log	  U)	  

•  Elias-‐Fano	  doesn’t	  exploit	  clustering	  



Par11oned	  Elias-‐Fano	  

•  Par$$on	  the	  sequence	  into	  chunks	  
•  Add	  pointers	  to	  the	  beginning	  of	  each	  chunk	  
•  Represent	  each	  chunk	  and	  the	  sequence	  of	  
pointers	  with	  Elias-‐Fano	  

•  If	  the	  chunks	  “approximate”	  the	  clusters,	  
compression	  improves	  

XXX	  	  	  	  	  	  	  XXXXX	  	  	  	  XXXXXXXXX	  X	  X	  	  X	  	  X	  	  	  	  XXXX	  X	  	  XXX	  



Par$$on	  op$miza$on	  

•  We	  want	  to	  find,	  among	  all	  the	  possible	  
par$$ons,	  the	  one	  that	  takes	  up	  less	  space	  

•  Exhaus$ve	  search	  is	  exponen1al	  
•  Dynamic	  programming	  can	  be	  done	  quadra1c	  
•  Our	  solu$on:	  (1	  +	  ε)-‐approximate	  solu$on	  in	  
linear	  $me	  O(n	  log(1/ε)/log(1	  +	  ε))	  
– Reduce	  to	  a	  shortest	  path	  in	  a	  sparsified	  DAG	  



0 1 2 3 4 5 6 7 8 9 10 11 12 13 140 1 2 3 4 5 6 7 8 9 10 11 12 13 140 1 2 3 4 5 6 7 8 9 10 11 12 13 140 1 2 3 4 5 6 7 8 9 10 11 12 13 140 1 2 3 4 5 6 7 8 9 10 11 12 13 14

Par$$on	  op$miza$on	  

•  Nodes	  correspond	  to	  sequence	  elements	  
•  Edges	  to	  poten$al	  chunks	  
•  Paths	  =	  Sequence	  par$$ons	  



Par$$on	  op$miza$on	  

•  Each	  edge	  weight	  is	  the	  cost	  of	  the	  chunk	  
defined	  by	  the	  edge	  endpoints	  

•  Shortest	  path	  =	  Minimum	  cost	  par$$on	  
•  Edge	  costs	  can	  be	  computed	  in	  O(1)...	  
•  ...	  but	  number	  of	  edges	  is	  quadra$c!	  

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14
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Sparsifica$on:	  idea	  n.1	  



Sparsifica$on:	  idea	  n.1	  

•  General	  DAG	  sparsifica1on	  technique	  
•  Quan$ze	  edge	  costs	  in	  classes	  of	  cost	  
between	  (1	  +	  ε1)i	  and	  (1	  +	  ε1)i	  +	  1	  	  

•  For	  each	  node	  and	  each	  cost	  class,	  keep	  only	  one	  
maximal	  edge	  
– O(log	  n	  /	  log	  (1	  +	  ε1))	  edges	  per	  node!	  

•  Shortest	  path	  in	  sparsified	  DAG	  at	  most	  (1	  +	  ε1)	  
$mes	  more	  expensive	  than	  in	  original	  DAG	  

•  Sparsified	  DAG	  can	  be	  computed	  on	  the	  fly	  



Sparsifica$on:	  idea	  n.2	  

•  If	  we	  split	  a	  chunk	  at	  an	  arbitrary	  posi$on	  
– New	  cost	  ≤	  Old	  cost	  +	  1	  +	  cost	  of	  new	  pointer	  

•  If	  chunk	  is	  “big	  enough”,	  loss	  is	  negligible	  
•  We	  keep	  only	  edges	  with	  cost	  O(1	  /	  ε2)	  
•  At	  most	  O(log	  (1	  /	  ε2)	  /	  log	  (1	  +	  ε1))	  edges/node	  

XXXXXXXXX	  X	  X	  	  X	  	  X	  



0 1 2 3 4 5 6 7 8 9 10 11 12 13 140 1 2 3 4 5 6 7 8 9 10 11 12 13 14

Sparsifica$on	  

•  Sparsified	  DAG	  has	  	  
O(n	  log	  (1	  /	  ε2)	  /	  log	  (1	  +	  ε1))	  edges!	  

•  Fixed	  εi,	  it	  is	  O(n)	  vs	  O(n2)	  in	  original	  DAG	  
•  Overall	  approxima$on	  factor	  is	  (1	  +	  ε2)	  (1	  +	  ε1)	  



Dependency	  on	  ε1	  
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No$ce	  the	  scale!	  



Dependency	  on	  ε2	  
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Here	  we	  go	  from	  O(n	  log	  n)	  to	  O(n)	  



Gov2 ClueWeb09

space doc freq space doc freq
GB bpi bpi GB bpi bpi

EF single 7.66 (+64.7%) 7.53 (+83.4%) 3.14 (+32.4%) 19.63 (+23.1%) 7.46 (+27.7%) 2.44 (+11.0%)

EF uniform 5.17 (+11.2%) 4.63 (+12.9%) 2.58 (+8.4%) 17.78 (+11.5%) 6.58 (+12.6%) 2.39 (+8.8%)

EF ✏-optimal 4.65 4.10 2.38 15.94 5.85 2.20

Interpolative 4.57 (�1.8%) 4.03 (�1.8%) 2.33 (�1.8%) 14.62 (�8.3%) 5.33 (�8.8%) 2.04 (�7.1%)

OptPFD 5.22 (+12.3%) 4.72 (+15.1%) 2.55 (+7.4%) 17.80 (+11.6%) 6.42 (+9.8%) 2.56 (+16.4%)

Varint-G8IU 14.06 (+202.2%) 10.60 (+158.2%) 8.98 (+278.3%) 39.59 (+148.3%) 10.99 (+88.1%) 8.98 (+308.8%)

Table 2: Overall space in gigabytes, and average bits per docId and frequency

Figure 1: Index size in gigabytes for Gov2 with EF

uniform at di↵erent chunk sizes

After fixing ✏2, we let ✏1 vary. Notice the sharp drop in
running time without a noticeable increase in space as soon
as ✏1 is non-zero: it is a direct consequence of the algorithm
going from O(m logm)-time to O(m)-time. Again, the spread
between the worse and best solutions found is smaller than
1%. In the following, we set ✏1 = 0.03. We found that with
these parameters, the average chunk length on Gov2 for docId
sequences is 231 and for frequencies 466. On ClueWeb09 they
are respectively 142 and 512. For brevity we omit the plots
for ClueWeb09, which are very similar to the ones for Gov2.

(a) ✏1 = 0, varying ✏2 from 0.025 to 0.5

(b) ✏2 = 0.3, varying ✏1 from 0 to 0.1

Figure 2: Influence of the parameters ✏1 and ✏2 on
the EF ✏-optimal indexes for Gov2. Solid line is the
overall size in gigabytes (left scale), dashed line is
the construction time in minutes (right scale).

Table 2 shows the index space, both as overall size in
gigabytes and broken down in bits per integers for docIds
and frequencies. Next to each value is shown the relative
loss/gain (in percentage) compared to EF ✏-optimal. The
results confirm that partitioning the indexes indeed pays o↵:
compared to EF ✏-optimal, EF single is 64.7% larger on Gov2
and 23.1% larger on ClueWeb09. The optimization strategy
also produces significant savings: EF uniform is about 11%
larger on both Gov2 and ClueWeb09, but still significantly
smaller than EF single.
Compared to the other indexes, Varint-G8IU is by far the

largest, 2.5 to 3 times larger than EF ✏-optimal; it is partic-
ularly ine�cient on the frequencies, as it needs at least 8
bits to encode an integer. On the other end of the spectrum,
Interpolative confirms its high compression ratio and produces
the smallest indexes, but the edge with EF ✏-optimal is sur-
prisingly small: only 1.8% on Gov2 and 8.3% on ClueWeb09.
To conclude the comparison, we observe that OptPFD loses
more than 10% w.r.t. EF ✏-optimal: 12.3% on Gov2 and 11.6%
on ClueWeb09. Since, as we will show in the following, EF
✏-optimal is also faster than OptPFD, this implies that our
solution dominates OptPFD on the trade-o↵ curve.
Regarding construction time, for all the indexes except

EF ✏-optimal, Gov2 can be processed on a single thread in
8 to 10 minutes, while ClueWeb09 in 24 to 30 minutes; in
both cases the construction is essentially I/O-bound. For EF
✏-optimal, instead, the algorithm that computes the optimal
partition, despite linear-time, has a noticeable CPU cost,
raising the time for Gov2 to 95 minutes and for ClueWeb09
to 284 minutes. However, since the encoding of each list can
be performed independently, using all the 24 cores of the test
machine makes EF ✏-optimal construction I/O-bound as well.
Parallelization does not improve the construction time of the
other encoders.

5.2 Query processing
To evaluate the speed of query processing we randomly

sampled two sets of 1000 queries respectively from TREC
2005 and 2006 E�ciency Track topics, drawing only queries
whose terms are all in the collection dictionary. The two
dataset have quite di↵erent statistics, as will be apparent in
the results.
In his experimental analysis, Vigna [23] provides some

examples showing that Elias-Fano indexes are particularly
e�cient in conjunctive queries that have sparse results. To
make the analysis more systematic, we define as selective any
query such that the fraction of the documents that contain
all its terms over those that contain at least one of them
is small (we set this threshold to 0.5%). For both datasets,

Results	  on	  GOV2	  and	  ClueWeb09	  

selective queries among TREC 2005 queries are at least 58%,
and among TREC 2006 queries at least 78%, hence making
up the most part of the samples.

The query times were measured by running each query set
3 times, and averaging the results. All the times are reported
in milliseconds. In the timings tables, next to each timing
is reported in parentheses the relative percentage against
EF ✏-optimal. Not very surprisingly, Interpolative is always
50% to 500% slower than the others, and Varint-G8IU is 10%
to 40% faster, so for the sake of brevity we will focus the
following analysis on the Elias-Fano indexes and OptPFD.

Boolean queries. We first analyze the basic disjunctive
(OR) and conjunctive (AND) queries. Note that these queries
do not need the term frequencies, so only the docId lists are
accessed. For these types of operations, we measure the time
needed to count the number of results matching the query.

Gov2 ClueWeb09

TREC 05 TREC 06 TREC 05 TREC 06

EF single 80.7 (+8%) 175.0 (+10%) 261.0 (+0%) 444.0 (�2%)

EF uniform 72.1 (�3%) 154.0 (�3%) 254.0 (�3%) 435.0 (�4%)

EF ✏-optimal 74.5 159.0 261.0 451.0

Interpolative 121.0 (+62%) 257.0 (+62%) 399.0 (+53%) 680.0 (+51%)

OptPFD 69.5 (�7%) 148.0 (�7%) 235.0 (�10%) 398.0 (�12%)

Varint-G8IU 67.4 (�10%) 143.0 (�10%) 222.0 (�15%) 375.0 (�17%)

Table 3: Times for OR queries

Times for OR queries are reported in Table 3. Unsur-
prisingly, as OR needs to scan the whole lists, block-based
indexes perform better than Elias-Fano indexes, since they
are optimized for raw decoding speed. However, the edge is
not as high as one could expect, ranging from 7% to 17%.
In sequential decoding Varint-G8IU can be even double as
fast as OptPFD [15], however in this task it is not even 10%
faster. The reason can be most likely traced back to branch
misprediction penalties: the cost of decoding an integer is in
the order of 2-5 CPU cycles; at each decoded docId, the CPU
has to decide whether it is equal to the current candidate
docId, or if it must be considered as a candidate for the next
docId. The resulting jump is basically unpredictable, and
the branch misprediction penalty on modern CPUs can be
as high as 10-20 cycles (specifically at least 15 for the CPU
we used [13]), thus becoming the main bottleneck of query
processing.
Among Elias-Fano indexes, EF ✏-optimal and EF uniform

are either negligibly slower or slightly faster than EF single;
we believe that the additional complexity is balanced by the
higher memory throughput caused by the smaller sizes.
Table 4 reports the times for AND queries. Again, EF

✏-optimal is competitive with EF single, except for selective
queries where the overhead is slightly higher, touching 14%.
EF uniform is slightly slower, which is likely caused by the
smaller chunk sizes compared to EF ✏-optimal. This will also
be the case in the other queries. Compared to OptPFD, EF
✏-optimal is 14% to 26% faster in all cases on general queries.
The gap becomes even higher for selective queries, ranging
from 34% to 40%, confirming the observations made in [23].

Ranked queries. In order to analyze the impact of accessing
the frequencies in query time, we measured the time required
to find the top-10 results for AND and WAND [3] queries

Gov2 ClueWeb09

TREC 05 TREC 06 TREC 05 TREC 06

EF single 2.1 (+10%) 4.7 (+1%) 13.6 (�5%) 15.8 (�9%)

EF uniform 2.1 (+9%) 5.1 (+10%) 15.5 (+8%) 18.9 (+9%)

EF ✏-optimal 1.9 4.6 14.3 17.4

Interpolative 7.5 (+291%) 20.4 (+343%) 55.7 (+289%) 76.5 (+341%)

OptPFD 2.2 (+14%) 5.7 (+24%) 16.6 (+16%) 21.9 (+26%)

Varint-G8IU 1.5 (�20%) 4.0 (�13%) 11.1 (�23%) 14.8 (�15%)

(a) All queries

Gov2 ClueWeb09

TREC 05 TREC 06 TREC 05 TREC 06

EF single 1.1 (�11%) 2.5 (�9%) 9.2 (�14%) 11.1 (�13%)

EF uniform 1.3 (+8%) 3.0 (+11%) 11.3 (+6%) 13.0 (+2%)

EF ✏-optimal 1.2 2.7 10.7 12.7

Interpolative 6.0 (+399%) 14.3 (+430%) 49.9 (+368%) 61.0 (+379%)

OptPFD 1.6 (+34%) 3.8 (+40%) 13.0 (+22%) 17.0 (+33%)

Varint-G8IU 1.1 (�11%) 2.5 (�6%) 8.8 (�18%) 11.3 (�12%)

(b) Selective queries

Table 4: Times for AND queries

using BM25 [18] scoring.
Results for scored AND, reported in Table 5, and for

WAND, reported in Table 6, are actually very similar. As
before, we note that the overhead of EF ✏-optimal against
EF single is small, ranging between 2% and 13% for all
queries, and between 8% and 18% for selective queries. Also
as before, EF uniform is about 10% slower than EF ✏-optimal;
this is likely caused by the optimal partitioning algorithm
placing chunk endpoints around dense clusters of docId,
hence making the query algorithms crossing fewer chunk
boundaries. Compared to OptPFD, EF ✏-optimal is slightly
slower on Gov2 and slightly faster on the larger ClueWeb09 on
all queries. On selective queries, however, it is never slower,
and up to 23% faster, thus providing further evidence that
Elias-Fano indexes benefit significantly from selectiveness,
even for non-conjunctive queries.

Gov2 ClueWeb09

TREC 05 TREC 06 TREC 05 TREC 06

EF single 4.0 (�2%) 8.4 (�7%) 22.8 (�9%) 24.6 (�13%)

EF uniform 4.4 (+7%) 9.8 (+8%) 27.3 (+9%) 31.0 (+9%)

EF ✏-optimal 4.1 9.0 25.1 28.4

Interpolative 14.1 (+242%) 38.6 (+327%) 99.1 (+295%) 132.0 (+365%)

OptPFD 3.9 (�7%) 9.2 (+1%) 25.8 (+3%) 31.6 (+11%)

Varint-G8IU 2.6 (�38%) 5.5 (�39%) 15.8 (�37%) 18.0 (�37%)

(a) All queries

Gov2 ClueWeb09

TREC 05 TREC 06 TREC 05 TREC 06

EF single 1.7 (�16%) 4.1 (�14%) 12.5 (�18%) 16.2 (�17%)

EF uniform 2.1 (+7%) 5.2 (+9%) 16.3 (+7%) 21.1 (+8%)

EF ✏-optimal 2.0 4.8 15.2 19.4

Interpolative 10.2 (+412%) 25.9 (+439%) 80.7 (+430%) 99.7 (+412%)

OptPFD 2.3 (+18%) 5.7 (+18%) 18.8 (+23%) 23.1 (+19%)

Varint-G8IU 1.4 (�32%) 3.3 (�32%) 10.6 (�30%) 13.6 (�30%)

(b) Selective queries

Table 5: Times for AND top-10 BM25 queries

selective queries among TREC 2005 queries are at least 58%,
and among TREC 2006 queries at least 78%, hence making
up the most part of the samples.

The query times were measured by running each query set
3 times, and averaging the results. All the times are reported
in milliseconds. In the timings tables, next to each timing
is reported in parentheses the relative percentage against
EF ✏-optimal. Not very surprisingly, Interpolative is always
50% to 500% slower than the others, and Varint-G8IU is 10%
to 40% faster, so for the sake of brevity we will focus the
following analysis on the Elias-Fano indexes and OptPFD.

Boolean queries. We first analyze the basic disjunctive
(OR) and conjunctive (AND) queries. Note that these queries
do not need the term frequencies, so only the docId lists are
accessed. For these types of operations, we measure the time
needed to count the number of results matching the query.

Gov2 ClueWeb09

TREC 05 TREC 06 TREC 05 TREC 06

EF single 80.7 (+8%) 175.0 (+10%) 261.0 (+0%) 444.0 (�2%)

EF uniform 72.1 (�3%) 154.0 (�3%) 254.0 (�3%) 435.0 (�4%)

EF ✏-optimal 74.5 159.0 261.0 451.0

Interpolative 121.0 (+62%) 257.0 (+62%) 399.0 (+53%) 680.0 (+51%)

OptPFD 69.5 (�7%) 148.0 (�7%) 235.0 (�10%) 398.0 (�12%)

Varint-G8IU 67.4 (�10%) 143.0 (�10%) 222.0 (�15%) 375.0 (�17%)

Table 3: Times for OR queries

Times for OR queries are reported in Table 3. Unsur-
prisingly, as OR needs to scan the whole lists, block-based
indexes perform better than Elias-Fano indexes, since they
are optimized for raw decoding speed. However, the edge is
not as high as one could expect, ranging from 7% to 17%.
In sequential decoding Varint-G8IU can be even double as
fast as OptPFD [15], however in this task it is not even 10%
faster. The reason can be most likely traced back to branch
misprediction penalties: the cost of decoding an integer is in
the order of 2-5 CPU cycles; at each decoded docId, the CPU
has to decide whether it is equal to the current candidate
docId, or if it must be considered as a candidate for the next
docId. The resulting jump is basically unpredictable, and
the branch misprediction penalty on modern CPUs can be
as high as 10-20 cycles (specifically at least 15 for the CPU
we used [13]), thus becoming the main bottleneck of query
processing.
Among Elias-Fano indexes, EF ✏-optimal and EF uniform

are either negligibly slower or slightly faster than EF single;
we believe that the additional complexity is balanced by the
higher memory throughput caused by the smaller sizes.
Table 4 reports the times for AND queries. Again, EF

✏-optimal is competitive with EF single, except for selective
queries where the overhead is slightly higher, touching 14%.
EF uniform is slightly slower, which is likely caused by the
smaller chunk sizes compared to EF ✏-optimal. This will also
be the case in the other queries. Compared to OptPFD, EF
✏-optimal is 14% to 26% faster in all cases on general queries.
The gap becomes even higher for selective queries, ranging
from 34% to 40%, confirming the observations made in [23].

Ranked queries. In order to analyze the impact of accessing
the frequencies in query time, we measured the time required
to find the top-10 results for AND and WAND [3] queries

Gov2 ClueWeb09

TREC 05 TREC 06 TREC 05 TREC 06

EF single 2.1 (+10%) 4.7 (+1%) 13.6 (�5%) 15.8 (�9%)

EF uniform 2.1 (+9%) 5.1 (+10%) 15.5 (+8%) 18.9 (+9%)

EF ✏-optimal 1.9 4.6 14.3 17.4

Interpolative 7.5 (+291%) 20.4 (+343%) 55.7 (+289%) 76.5 (+341%)

OptPFD 2.2 (+14%) 5.7 (+24%) 16.6 (+16%) 21.9 (+26%)

Varint-G8IU 1.5 (�20%) 4.0 (�13%) 11.1 (�23%) 14.8 (�15%)

(a) All queries

Gov2 ClueWeb09

TREC 05 TREC 06 TREC 05 TREC 06

EF single 1.1 (�11%) 2.5 (�9%) 9.2 (�14%) 11.1 (�13%)

EF uniform 1.3 (+8%) 3.0 (+11%) 11.3 (+6%) 13.0 (+2%)

EF ✏-optimal 1.2 2.7 10.7 12.7

Interpolative 6.0 (+399%) 14.3 (+430%) 49.9 (+368%) 61.0 (+379%)

OptPFD 1.6 (+34%) 3.8 (+40%) 13.0 (+22%) 17.0 (+33%)

Varint-G8IU 1.1 (�11%) 2.5 (�6%) 8.8 (�18%) 11.3 (�12%)

(b) Selective queries

Table 4: Times for AND queries

using BM25 [18] scoring.
Results for scored AND, reported in Table 5, and for

WAND, reported in Table 6, are actually very similar. As
before, we note that the overhead of EF ✏-optimal against
EF single is small, ranging between 2% and 13% for all
queries, and between 8% and 18% for selective queries. Also
as before, EF uniform is about 10% slower than EF ✏-optimal;
this is likely caused by the optimal partitioning algorithm
placing chunk endpoints around dense clusters of docId,
hence making the query algorithms crossing fewer chunk
boundaries. Compared to OptPFD, EF ✏-optimal is slightly
slower on Gov2 and slightly faster on the larger ClueWeb09 on
all queries. On selective queries, however, it is never slower,
and up to 23% faster, thus providing further evidence that
Elias-Fano indexes benefit significantly from selectiveness,
even for non-conjunctive queries.

Gov2 ClueWeb09

TREC 05 TREC 06 TREC 05 TREC 06

EF single 4.0 (�2%) 8.4 (�7%) 22.8 (�9%) 24.6 (�13%)

EF uniform 4.4 (+7%) 9.8 (+8%) 27.3 (+9%) 31.0 (+9%)

EF ✏-optimal 4.1 9.0 25.1 28.4

Interpolative 14.1 (+242%) 38.6 (+327%) 99.1 (+295%) 132.0 (+365%)

OptPFD 3.9 (�7%) 9.2 (+1%) 25.8 (+3%) 31.6 (+11%)

Varint-G8IU 2.6 (�38%) 5.5 (�39%) 15.8 (�37%) 18.0 (�37%)

(a) All queries

Gov2 ClueWeb09

TREC 05 TREC 06 TREC 05 TREC 06

EF single 1.7 (�16%) 4.1 (�14%) 12.5 (�18%) 16.2 (�17%)

EF uniform 2.1 (+7%) 5.2 (+9%) 16.3 (+7%) 21.1 (+8%)

EF ✏-optimal 2.0 4.8 15.2 19.4

Interpolative 10.2 (+412%) 25.9 (+439%) 80.7 (+430%) 99.7 (+412%)

OptPFD 2.3 (+18%) 5.7 (+18%) 18.8 (+23%) 23.1 (+19%)

Varint-G8IU 1.4 (�32%) 3.3 (�32%) 10.6 (�30%) 13.6 (�30%)

(b) Selective queries

Table 5: Times for AND top-10 BM25 queries
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