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Join Details

First Phase

performed first, filtering the lineorder table so that only or-
ders from customers who live in Asia remain. As this join is per-
formed, the nation of these customers are added to the joined
customer-order table. These results are pipelined into a join
with the supplier table where the s.region = ’ASIA’ pred-
icate is applied and s.nation extracted, followed by a join with
the data table and the year predicate applied. The results of these
joins are then grouped and aggregated and the results sorted ac-
cording to the ORDER BY clause.

An alternative to the traditional plan is the late materialized join
technique [5]. In this case, a predicate is applied on the c.region
column (c.region = ’ASIA’), and the customer key of the
customer table is extracted at the positions that matched this pred-
icate. These keys are then joined with the customer key column
from the fact table. The results of this join are two sets of posi-
tions, one for the fact table and one for the dimension table, indi-
cating which pairs of tuples from the respective tables passed the
join predicate and are joined. In general, at most one of these two
position lists are produced in sorted order (the outer table in the
join, typically the fact table). Values from the c.nation column
at this (out-of-order) set of positions are then extracted, along with
values (using the ordered set of positions) from the other fact table
columns (supplier key, order date, and revenue). Similar joins are
then performed with the supplier and date tables.

Each of these plans have a set of disadvantages. In the first (tra-
ditional) case, constructing tuples before the join precludes all of
the late materialization benefits described in Section 5.2. In the
second case, values from dimension table group-by columns need
to be extracted in out-of-position order, which can have significant
cost [5].

As an alternative to these query plans, we introduce a technique
we call the invisible join that can be used in column-oriented databases
for foreign-key/primary-key joins on star schema style tables. It is
a late materialized join, but minimizes the values that need to be
extracted out-of-order, thus alleviating both sets of disadvantages
described above. It works by rewriting joins into predicates on
the foreign key columns in the fact table. These predicates can
be evaluated either by using a hash lookup (in which case a hash
join is simulated), or by using more advanced methods, such as a
technique we call between-predicate rewriting, discussed in Sec-
tion 5.4.2 below.

By rewriting the joins as selection predicates on fact table columns,
they can be executed at the same time as other selection predi-
cates that are being applied to the fact table, and any of the predi-
cate application algorithms described in previous work [5] can be
used. For example, each predicate can be applied in parallel and
the results merged together using fast bitmap operations. Alterna-
tively, the results of a predicate application can be pipelined into
another predicate application to reduce the number of times the
second predicate must be applied. Only after all predicates have
been applied are the appropriate tuples extracted from the relevant
dimensions (this can also be done in parallel). By waiting until
all predicates have been applied before doing this extraction, the
number of out-of-order extractions is minimized.

The invisible join extends previous work on improving perfor-
mance for star schema joins [17, 23] that are reminiscent of semi-
joins [8] by taking advantage of the column-oriented layout, and
rewriting predicates to avoid hash-lookups, as described below.

5.4.1 Join Details
The invisible join performs joins in three phases. First, each

predicate is applied to the appropriate dimension table to extract a
list of dimension table keys that satisfy the predicate. These keys

are used to build a hash table that can be used to test whether a
particular key value satisfies the predicate (the hash table should
easily fit in memory since dimension tables are typically small and
the table contains only keys). An example of the execution of this
first phase for the above query on some sample data is displayed in
Figure 2.

Apply region = 'Asia' on Customer table

...3 IndiaAsia
2 FranceEurope ...

Asia China ...1
...nationregioncustkey

nation

...
Asia Russia

Europe Spain

...suppkey region

2
...1

Apply region = 'Asia' on Supplier table

1997 ...

...year
01011997
01021997
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1997 ...

dateid
...1997

Apply year in [1992,1997] on Date table

Hash table
with keys
1 and 3

Hash table
with key 1

Hash table with 
keys 01011997, 
01021997, and 

01031997

Figure 2: The first phase of the joins needed to execute Query
3.1 from the Star Schema benchmark on some sample data

In the next phase, each hash table is used to extract the positions
of records in the fact table that satisfy the corresponding predicate.
This is done by probing into the hash table with each value in the
foreign key column of the fact table, creating a list of all the posi-
tions in the foreign key column that satisfy the predicate. Then, the
position lists from all of the predicates are intersected to generate
a list of satisfying positions P in the fact table. An example of the
execution of this second phase is displayed in Figure 3. Note that
a position list may be an explicit list of positions, or a bitmap as
shown in the example.
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Figure 3: The second phase of the joins needed to execute
Query 3.1 from the Star Schema benchmark on some sample
data

The third phase of the join uses the list of satisfying positions P
in the fact table. For each column C in the fact table containing a
foreign key reference to a dimension table that is needed to answer
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customer-order table. These results are pipelined into a join
with the supplier table where the s.region = ’ASIA’ pred-
icate is applied and s.nation extracted, followed by a join with
the data table and the year predicate applied. The results of these
joins are then grouped and aggregated and the results sorted ac-
cording to the ORDER BY clause.
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column (c.region = ’ASIA’), and the customer key of the
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columns (supplier key, order date, and revenue). Similar joins are
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Each of these plans have a set of disadvantages. In the first (tra-
ditional) case, constructing tuples before the join precludes all of
the late materialization benefits described in Section 5.2. In the
second case, values from dimension table group-by columns need
to be extracted in out-of-position order, which can have significant
cost [5].

As an alternative to these query plans, we introduce a technique
we call the invisible join that can be used in column-oriented databases
for foreign-key/primary-key joins on star schema style tables. It is
a late materialized join, but minimizes the values that need to be
extracted out-of-order, thus alleviating both sets of disadvantages
described above. It works by rewriting joins into predicates on
the foreign key columns in the fact table. These predicates can
be evaluated either by using a hash lookup (in which case a hash
join is simulated), or by using more advanced methods, such as a
technique we call between-predicate rewriting, discussed in Sec-
tion 5.4.2 below.

By rewriting the joins as selection predicates on fact table columns,
they can be executed at the same time as other selection predi-
cates that are being applied to the fact table, and any of the predi-
cate application algorithms described in previous work [5] can be
used. For example, each predicate can be applied in parallel and
the results merged together using fast bitmap operations. Alterna-
tively, the results of a predicate application can be pipelined into
another predicate application to reduce the number of times the
second predicate must be applied. Only after all predicates have
been applied are the appropriate tuples extracted from the relevant
dimensions (this can also be done in parallel). By waiting until
all predicates have been applied before doing this extraction, the
number of out-of-order extractions is minimized.

The invisible join extends previous work on improving perfor-
mance for star schema joins [17, 23] that are reminiscent of semi-
joins [8] by taking advantage of the column-oriented layout, and
rewriting predicates to avoid hash-lookups, as described below.

5.4.1 Join Details
The invisible join performs joins in three phases. First, each

predicate is applied to the appropriate dimension table to extract a
list of dimension table keys that satisfy the predicate. These keys

are used to build a hash table that can be used to test whether a
particular key value satisfies the predicate (the hash table should
easily fit in memory since dimension tables are typically small and
the table contains only keys). An example of the execution of this
first phase for the above query on some sample data is displayed in
Figure 2.
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Figure 2: The first phase of the joins needed to execute Query
3.1 from the Star Schema benchmark on some sample data

In the next phase, each hash table is used to extract the positions
of records in the fact table that satisfy the corresponding predicate.
This is done by probing into the hash table with each value in the
foreign key column of the fact table, creating a list of all the posi-
tions in the foreign key column that satisfy the predicate. Then, the
position lists from all of the predicates are intersected to generate
a list of satisfying positions P in the fact table. An example of the
execution of this second phase is displayed in Figure 3. Note that
a position list may be an explicit list of positions, or a bitmap as
shown in the example.
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Figure 4: The third phase of the joins needed to execute Query
3.1 from the Star Schema benchmark on some sample data

the query (e.g., where the dimension column is referenced in the
select list, group by, or aggregate clauses), foreign key values from
C are extracted using P and are looked up in the corresponding
dimension table. Note that if the dimension table key is a sorted,
contiguous list of identifiers starting from 1 (which is the common
case), then the foreign key actually represents the position of the
desired tuple in dimension table. This means that the needed di-
mension table columns can be extracted directly using this position
list (and this is simply a fast array look-up).

This direct array extraction is the reason (along with the fact that
dimension tables are typically small so the column being looked
up can often fit inside the L2 cache) why this join does not suffer
from the above described pitfalls of previously published late mate-
rialized join approaches [5] where this final position list extraction
is very expensive due to the out-of-order nature of the dimension
table value extraction. Further, the number values that need to be
extracted is minimized since the number of positions in P is depen-
dent on the selectivity of the entire query, instead of the selectivity
of just the part of the query that has been executed so far.

An example of the execution of this third phase is displayed in
Figure 4. Note that for the date table, the key column is not a
sorted, contiguous list of identifiers starting from 1, so a full join
must be performed (rather than just a position extraction). Further,
note that since this is a foreign-key primary-key join, and since all
predicates have already been applied, there is guaranteed to be one
and only one result in each dimension table for each position in the
intersected position list from the fact table. This means that there
are the same number of results for each dimension table join from
this third phase, so each join can be done separately and the results
combined (stitched together) at a later point in the query plan.

5.4.2 Between-Predicate Rewriting
As described thus far, this algorithm is not much more than an-

other way of thinking about a column-oriented semijoin or a late
materialized hash join. Even though the hash part of the join is ex-
pressed as a predicate on a fact table column, practically there is
little difference between the way the predicate is applied and the
way a (late materialization) hash join is executed. The advantage

of expressing the join as a predicate comes into play in the surpris-
ingly common case (for star schema joins) where the set of keys in
dimension table that remain after a predicate has been applied are
contiguous. When this is the case, a technique we call “between-
predicate rewriting” can be used, where the predicate can be rewrit-
ten from a hash-lookup predicate on the fact table to a “between”
predicate where the foreign key falls between two ends of the key
range. For example, if the contiguous set of keys that are valid af-
ter a predicate has been applied are keys 1000-2000, then instead
of inserting each of these keys into a hash table and probing the
hash table for each foreign key value in the fact table, we can sim-
ply check to see if the foreign key is in between 1000 and 2000. If
so, then the tuple joins; otherwise it does not. Between-predicates
are faster to execute for obvious reasons as they can be evaluated
directly without looking anything up.

The ability to apply this optimization hinges on the set of these
valid dimension table keys being contiguous. In many instances,
this property does not hold. For example, a range predicate on
a non-sorted field results in non-contiguous result positions. And
even for predicates on sorted fields, the process of sorting the di-
mension table by that attribute likely reordered the primary keys so
they are no longer an ordered, contiguous set of identifiers. How-
ever, the latter concern can be easily alleviated through the use of
dictionary encoding for the purpose of key reassignment (rather
than compression). Since the keys are unique, dictionary encoding
the column results in the dictionary keys being an ordered, con-
tiguous list starting from 0. As long as the fact table foreign key
column is encoded using the same dictionary table, the hash-table
to between-predicate rewriting can be performed.

Further, the assertion that the optimization works only on predi-
cates on the sorted column of a dimension table is not entirely true.
In fact, dimension tables in data warehouses often contain sets of
attributes of increasingly finer granularity. For example, the date
table in SSBM has a year column, a yearmonth column, and
the complete date column. If the table is sorted by year, sec-
ondarily sorted by yearmonth, and tertiarily sorted by the com-
plete date, then equality predicates on any of those three columns
will result in a contiguous set of results (or a range predicate on
the sorted column). As another example, the supplier table
has a region column, a nation column, and a city column
(a region has many nations and a nation has many cities). Again,
sorting from left-to-right will result in predicates on any of those
three columns producing a contiguous range output. Data ware-
house queries often access these columns, due to the OLAP practice
of rolling-up data in successive queries (tell me profit by region,
tell me profit by nation, tell me profit by city). Thus, “between-
predicate rewriting” can be used more often than one might ini-
tially expect, and (as we show in the next section), often yields a
significant performance gain.

Note that predicate rewriting does not require changes to the
query optimizer to detect when this optimization can be used. The
code that evaluates predicates against the dimension table is capa-
ble of detecting whether the result set is contiguous. If so, the fact
table predicate is rewritten at run-time.

6. EXPERIMENTS
In this section, we compare the row-oriented approaches to the

performance of C-Store on the SSBM, with the goal of answering
four key questions:

1. How do the different attempts to emulate a column store in a
row-store compare to the baseline performance of C-Store?
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also explores several different representations for a fully vertically
partitioned strategy in a row-store (Shore), concluding that tuple
overheads in a naive scheme are a significant problem, and that
prefetching of large blocks of tuples from disk is essential to im-
prove tuple reconstruction times.

C-Store [22] is a more recent column-oriented DBMS. It in-
cludes many of the same features as MonetDB/X100, as well as
optimizations for direct operation on compressed data [4]. Like
the other two systems, it shows that a column-store can dramati-
cally outperform a row-store on warehouse workloads, but doesn’t
carefully explore the design space of feasible row-store physical
designs. In this paper, we dissect the performance of C-Store, not-
ing how the various optimizations proposed in the literature (e.g.,
[4, 5]) contribute to its overall performance relative to a row-store
on a complete data warehousing benchmark, something that prior
work from the C-Store group has not done.

Harizopoulos et al. [14] compare the performance of a row and
column store built from scratch, studying simple plans that scan
data from disk only and immediately construct tuples (“early ma-
terialization”). This work demonstrates that in a carefully con-
trolled environment with simple plans, column stores outperform
row stores in proportion to the fraction of columns they read from
disk, but doesn’t look specifically at optimizations for improving
row-store performance, nor at some of the advanced techniques for
improving column-store performance.

Halverson et al. [13] built a column-store implementation in Shore
and compared an unmodified (row-based) version of Shore to a ver-
tically partitioned variant of Shore. Their work proposes an opti-
mization, called “super tuples”, that avoids duplicating header in-
formation and batches many tuples together in a block, which can
reduce the overheads of the fully vertically partitioned scheme and
which, for the benchmarks included in the paper, make a vertically
partitioned database competitive with a column-store. The paper
does not, however, explore the performance benefits of many re-
cent column-oriented optimizations, including a variety of differ-
ent compression methods or late-materialization. Nonetheless, the
“super tuple” is the type of higher-level optimization that this pa-
per concludes will be needed to be added to row-stores in order to
simulate column-store performance.

3. STAR SCHEMA BENCHMARK
In this paper, we use the Star Schema Benchmark (SSBM) [18,

19] to compare the performance of C-Store and the commercial
row-store.

The SSBM is a data warehousing benchmark derived from TPC-
H 1. Unlike TPC-H, it uses a pure textbook star-schema (the “best
practices” data organization for data warehouses). It also consists
of fewer queries than TPC-H and has less stringent requirements on
what forms of tuning are and are not allowed. We chose it because
it is easier to implement than TPC-H and we did not have to modify
C-Store to get it to run (which we would have had to do to get the
entire TPC-H benchmark running).

Schema: The benchmark consists of a single fact table, the LINE-
ORDER table, that combines the LINEITEM and ORDERS table of
TPC-H. This is a 17 column table with information about individual
orders, with a composite primary key consisting of the ORDERKEY
and LINENUMBER attributes. Other attributes in the LINEORDER
table include foreign key references to the CUSTOMER, PART, SUPP-
LIER, and DATE tables (for both the order date and commit date),
as well as attributes of each order, including its priority, quan-
tity, price, and discount. The dimension tables contain informa-

1http://www.tpc.org/tpch/.

tion about their respective entities in the expected way. Figure 1
(adapted from Figure 2 of [19]) shows the schema of the tables.

As with TPC-H, there is a base “scale factor” which can be used
to scale the size of the benchmark. The sizes of each of the tables
are defined relative to this scale factor. In this paper, we use a scale
factor of 10 (yielding a LINEORDER table with 60,000,000 tuples).

LINEORDER

ORDERKEY

LINENUMBER

CUSTKEY

PARTKEY

SUPPKEY

ORDERDATE

ORDPRIORITY

SHIPPRIORITY

QUANTITY

EXTENDEDPRICE

ORDTOTALPRICE

DISCOUNT

REVENUE

SUPPLYCOST

TAX

COMMITDATE

SHIPMODE

CUSTOMER

CUSTKEY

NAME

ADDRESS

CITY

NATION

REGION

PHONE

MKTSEGMENT

SUPPLIER

SUPPKEY

NAME

ADDRESS

CITY

NATION

REGION

PHONE

PART

PARTKEY

NAME

MFGR

CATEGOTY

BRAND1

COLOR

TYPE

SIZE

CONTAINER

DATE

DATEKEY

DATE

DAYOFWEEK

MONTH

YEAR

YEARMONTHNUM

YEARMONTH

DAYNUMWEEK

…. (9 add!l attributes)

Size=scalefactor x 
2,000

Size=scalefactor x 
30,0000

Size=scalefactor x 
6,000,000

Size=200,000 x 
(1 + log2 scalefactor)

Size= 365 x 7

Figure 1: Schema of the SSBM Benchmark

Queries: The SSBM consists of thirteen queries divided into
four categories, or “flights”:

1. Flight 1 contains 3 queries. Queries have a restriction on 1 di-
mension attribute, as well as the DISCOUNT and QUANTITY
columns of the LINEORDER table. Queries measure the gain
in revenue (the product of EXTENDEDPRICE and DISCOUNT)
that would be achieved if various levels of discount were
eliminated for various order quantities in a given year. The
LINEORDER selectivities for the three queries are 1.9×10−2,
6.5× 10−4, and 7.5× 10−5, respectively.

2. Flight 2 contains 3 queries. Queries have a restriction on
2 dimension attributes and compute the revenue for particu-
lar product classes in particular regions, grouped by product
class and year. The LINEORDER selectivities for the three
queries are 8.0×10−3, 1.6×10−3, and 2.0×10−4, respec-
tively.

3. Flight 3 consists of 4 queries, with a restriction on 3 di-
mensions. Queries compute the revenue in a particular re-
gion over a time period, grouped by customer nation, sup-
plier nation, and year. The LINEORDER selectivities for the
four queries are 3.4 × 10−2, 1.4 × 10−3, 5.5 × 10−5, and
7.6× 10−7 respectively.

4. Flight 4 consists of three queries. Queries restrict on three di-
mension columns, and compute profit (REVENUE - SUPPLY-
COST) grouped by year, nation, and category for query 1;
and for queries 2 and 3, region and category. The LINEORDER
selectivities for the three queries are 1.6×10−2, 4.5×10−3,
and 9.1× 10−5, respectively.
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Row-Store Execution

Vertical Partitioning

I Each attribute is a two-column table (values, position)

Index-All

I Unclustered B+-Treeindex for every column of every table

Materialized View

I Optimal set of materialized views for every query
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Row-Store

Average performance across all queryies
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Motivation Invisible Join Experiments Summary

Row-Store

Reasons

Tuple Overheads

VP Single column-table requiers 0.7 - 1.1 GByte (compressed)

T Entire 17 column is 6 GByte (decompressed) or 4 GByte
(compressed)

Column Joins

I Hash-join is slow

I Perhaps the best for Index-All
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Column-Store

Column-Store Execution

Compression

Late Materialization

Block Iteration

Invisible Join
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Motivation Invisible Join Experiments Summary

Column-Store

Average performance across all queryies
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Motivation Invisible Join Experiments Summary

Column-Store

Analysis

Block: 5% - 50%

Compression: almost factor 2 averagely

Late materialization: factor 3

Invisible Join: 50% - 75%

I Optimization for star schemas
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Column-Store

Average performance across all queryies
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Motivation Invisible Join Experiments Summary

Summary

Significant optimizations:

I Compression

I Late materialization

Without optimizations column store acts just like a row store

Invisible join makes denormalizationis useless
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