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ABSTRACT

Increasingly complex databases need ever more sophisticated tools
to help users understand their schemas and interact with the data.
Existing tools fall short of either providing the “big picture,” or of
presenting useful connectivity information.

In this paper we define summary graphs, a novel approach for
summarizing schemas. Given a set of user-specified query tables,
the summary graph automatically computes the most relevant ta-
bles and joins for that query set. The output preserves the most in-
formative join paths between the query tables, while meeting size
constraints. In the process, we define a novel information-theoretic
measure over join edges. Unlike most subgraph extraction work,
we allow metaedges (i.e., edges in the transitive closure) to help
reduce output complexity. We prove that the problem is NP-Hard,
and solve it as an integer program. Our extensive experimental
study shows that our method returns high-quality summaries under
independent quality measures.

1. INTRODUCTION

Given the current trend of increasingly large enterprise systems,
with explosive growth in both the data size and the complexity
of the underlying schemas, database management systems provide
ever more advanced tools for helping users understand and interact
with the data. Current approaches include custom-made forms and
applications [6, 12], database browsers [3], and clustering of tables
based on their information content [20, 21, 22].

Forms and query applications provide significant assistance in
accessing the underlying data, but the user must be already fa-
miliar with the schema; or else, they restrict the queries to a pre-
computed set of typical tasks. Database browsers are most use-
ful for databases with partial or missing schema information: they
provide tools for discovering primary and foreign keys [3, 14, 23].
However, such detailed information can be overwhelming in an un-
familiar, complex schema.

The recent work in [20, 21, 22] focuses on clustering database ta-
bles based on semantic similarity, and presenting cluster represen-
tatives to the user. This results in small, easy to understand sum-
maries that help new users get an overall picture of the database.
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However, essential information, such as the most significant for-
eign/primary key constraints, is not present in the summary. In
addition, users who have prior experience with the database may
be interested in tables that may not appear in the summary.

Our goal We propose a novel summarization technique that ad-
dresses the shortcomings of previous approaches. Our method au-
tomatically computes an adaptive schema summary, which includes
the most relevant tables and their connections with respect to a user-
specified set of query tables. We call this graph the optimal sum-
mary graph of the database with respect to the query set. In the
following, we discuss the main challenges we must meet in order
to compute succinct and informative summary graphs.

1.1 Informative Join Paths

One of the most frequent scenarios we face in querying enter-
prise systems is as follows: “What are good join paths connecting
the tuples in tables R, S and 7'7”

Consider, for example, the benchmark TPC-E schema, which
simulates the On Line Transaction Processing (OLTP) workload
of a brokerage firm. It contains 32 tables, grouped into 3 main
categories: Customer, Market and Broker. The database contains
information about financial transactions: customer accounts and
their respective holdings, types of traded securities, information on
traded companies, broker fees, etc.!

Let tables R, S, T be Customer, Security and Trade. There are
combinatorially many join paths connecting each pair. Figure 1(a)
shows the union of three possible paths, one for each pair of ta-
bles. E.g., the join path Customer—Status_Type—Security returns,
for a given customer id, all the securities that have the same status
(active, pending etc). Clearly, an analyst is more likely to be inter-
ested in the securities held by a customer than in those that share the
same status. Implicitly, the user wants the join path with the most
relevant information. For this example, a much better join path is
Customer— Customer_Account—Holding_Summary—Security, i.e.,
the path that returns the securities held by a customer.

Therefore, we need a measure of how informative each schema
edge is. None of the measures studied in prior work is particu-
larly appropriate for this task, as we discuss in Section 1.3. One of
the contributions of this paper is the definition of an information-
theoretic weight function over schema edges: smaller weights cor-
respond to more informative edges.

1.2 Succinct and Informative Summaries
What constitutes a “good” summary? An obvious answer is size:

the smaller the summary, the better. However, this cannot come

at the expense of utility. Compare the potential summaries in Fig-

"Figure 14 in the Appendix shows the complete details of the TPC-
E schema.
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Figure 1: Possible output graphs for TPC-E. Query tables are
shown as oval nodes. (a) graph of size 4; (b) more informative
graph of size 5.

ures 1(a) and (b). The graph in Figure 1(a) is smaller, but it contains
join paths with little information content, as discussed above. The
graph in Figure 1(b) is clearly more informative. In fact, it consists
of the union of shortest paths between the query tables (using the
weight function mentioned above).

However, returning the union of shortest paths between query
nodes is not the answer, either, as it may lead to large graphs. Fig-
ure 2(a) shows such a case: Alice must generate a report about cus-
tomer costs associated with trading different types of stocks. She
is unfamiliar with the TPC-E schema, but based on their names,
she specifies the 4 query tables drawn as oval nodes. The union
of shortest paths among these 4 tables contains 13 nodes (out of
a total of 32) - which is not much help to Alice. Instead, our ap-
proach is to start from such a union of shortest paths and reduce its
complexity to a user-specified level. More precisely, we restrict the
number of non-query tables in the summary graph - denoted bud-
get tables - to be at most a summary budget B (B is user-defined).
This, of course, means that we have to drop some of the tables from
the output, and replace some paths by metaedges (i.e., edges in the
transitive closure of the schema graph). We define and solve an
optimization problem over the set of possible summary graphs.

Figure 2(b) shows the output of our algorithm for B = 2. Note
that the budget tables we include are “hubs” that belong to multiple
join paths. As we show in Section 3, this is a consequence of the
way we define our optimization problem. Alice can now deduce
that, e.g., the most informative connection between tables Broker
and Customer_Taxrate is via table Customer_Account. If necessary,
she can drill down and request more nodes on this path from the
original graph. This is possible because we store the underlying
path of each metaedge offline. We also store all edges adjacent to
summary nodes (along the shortest paths), so Alice can drill down
starting from a summary node, as well. This increases the utility of
the summary, while keeping it uncluttered.

By contrast, the graph in Figure 2(c) loses this hub routing in-
formation. The graph was obtained by randomly choosing 2 bud-
get tables from among the 9 non-query nodes in Figure 2(a). For
query nodes Broker and Customer_Taxrate, the summary provides
no connecting information. The fact that the graph in Figure 2(b)
is more informative than the one in Figure 2(c) is also reflected by
their total weights: the former has only 73% of the latter’s weight.

1.3 Prior Work

Weight functions: Early work on defining edge weights for data
graphs focused on instance-level graphs, where the nodes are ei-
ther tuples or values: [17, 9] study graphs with homogenous edge
semantics (e.g., co-authorship of papers); [13] proposes heuristic
weights for RDF graphs; in the keyword search literature, edge
weights are typically 1. However, graphs defined over database tu-
ples are inherently heterogenous (edges represent different kinds of
joins). It is neither trivial, nor particularly scalable, to define mean-
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ingful edge weights for tuples, then aggregate them in a principled
way at table level.

More recently, two table-similarity measures have been proposed
in [22, 21], for clustering schema tables. The distance used by [22]
is asymmetric, and can have negative values (Section 7.4 in [21]).
‘We used the measure in [21] in our experiments, and concluded that
it was less accurate and consistent than our proposed approach.

Subgraphs: A large body of work focuses on extracting “good”
subgraphs that connect query nodes: In keyword search [5, 11], the
goal is to compute trees connecting keyword occurences. Connec-
tion subgraphs [4] connect two query nodes. The work on center-
piece subgraphs [17, 16], and on entity-relationship subgraphs [8]
is closest to our goal: for a given set of query nodes and a budget
constraint, output a connecting subgraph that meets the budget and
maximizes some ‘goodness’ measure. However, since the output
cannot contain metaedges, this means that shortest paths are not
guaranteed to be preserved (although most results try to minimize
path lengths by incorporating them in the definition of the goodness
measure).

Related problems are studied in graph theory, e.g., minimum
spanning trees, Steiner forests, Steiner networks [19] - but none ap-
ply to our setting. Algorithms for computing ¢-spanners [2] come
closest: t-spanners preserve all shortest paths, within a factor ¢.
However, they may violate an order-preserving condition that is
important for join paths. See details in Section 2.

1.4 Our Contributions

We propose a new relational schema summarization approach
that is adaptive to user-specified tables of interest, and provides
linkage information between tables. Given a set of query tables
and a summary budget, we define an optimization problem that se-
lects the most relevant budget tables as part of the summary. In
addition, the summary preserves the most informative join paths
between query tables. We prove that this problem is NP-Hard, and
cast it as an integer program (under some simplifying assumptions).
The integer program has an elegant structure, and can be solved ef-
ficiently by IP software. See Section 3.

In Section 4 we define a novel weight function over schema
edges, using information theoretic measures that quantify the no-
tion of informative joins.

Finally, we conduct an extensive experimental study in Section 5
and show that our approach computes highly relevant summaries.
The relevance is measured via two independent quality measures
based on query logs. We also compute summary graphs using
the weight function in [21], and conclude that summaries using
our information-theoretic weights are both more relevant and more
consistent.

2. DEFINITIONS

The schema graph G = (R, &) of a relational database is de-
fined in the usual manner: the nodes correspond to tables R € R,
and the edges to foreign/primary key constraints (joins). Edges are
undirected.

Let wt : £ — R be a weight function over the edges of £, such
that wt(R, S) > 0 for all (R, S) € £. Function wt is a dissimilar-
ity measure, i.e., the smaller the weight wt(R, S), the more impor-
tant the join connection between tables R and S. A detailed discus-
sion of how to choose wt is deferred to Section 4. We extend wt to
a distance function d, defined as the shortest (weighted) distance in
the graph between a pair of tables. More precisely, for any path II :
R = Ro—Ri— -+ —Ra= S, let wt(Il) = 30" wt(Rs, Riy1).
For any pair of tables R, S € R, the distance in graph G between



0.3351064562

customer

0.0000000520

0.0000000286 0.0000000972 0.9973404512

customer_account

0.0000000800
[ trade |

0.0000000138 0.0000000122

|| 0.0000000654 [ exchange company

0.0000000559 ( 0.0000000576 {~ 0.0000000047 | 00475819338
security @

Graph weight=6.9441302964

(a)

holding_summary
0.0000000672

‘ trade_type

Graph weight=7.5147101957

1.0246159768 | 1.0944992428
2.1706959838 | 1.5928495122 [ 1.4154214312

16056771514

-C()m nan

0.4088784491

0.7470561327 | 1.4236398511

exchange

1.2674994678

Graph weight=10.2929252873

b) (©

Figure 2: Summary graphs for TPC-E. Query tables are shown as oval nodes. (a) Union of shortest paths between query tables; (b)
Optimal summary graph for B = 2; (c) Non-optimal summary graph with B = 2.
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Figure 3: (a) Graph G; (b) Optimal summary graph of G, with
respect to query-set { R, S, T’} and budget 1; (¢) A non-optimal
summary graph of G.

R and S is defined as:
dg(R,S) = pmin wi(I1).

In the summary graph, edges between nodes correspond to paths
from the original schema graph. We refer to them as metaedges, to
distinguish them from the join edges £. Formally, £,={(R, S) |
JII=R—---— SpathinG } is the set of metaedges, and G, =
(R, Em) is the transitive closure of G (if G is connected, G, is a
clique). The summary graph is a subgraph of G,,. We extend the
weight function to metaedges, as follows:

Definition 1. Let G = (R, £) be a schema graph, and (R, S) €
Em be a metaedge. We define wt(R, S) = dg(R, S).

Example 1. Figure 3(c) shows a subset of metaedges for the
graph in Figure 3(a). Note that the mefaedge (R, B) has weight
0.3, which is the sum of weights along the shortest path R— A — B.
This is distinct from the weight of 0.5 on the edge (R, B) from Fig-
ure 3(a). Hence, although tables R and B have a join edge, their
most informative connection is via joins with table A.

Our goal is to compute a summary graph with minimum sum
of metaedge weights (recall that smaller weights imply stronger
connections between tables). We now discuss the properties that
summary graphs must satisfy. Let S = (Rs,&s) be a summary
graph of G with respect to a query set Q and budget B. We want
Q CRs CRand & C &En; also, to meet the budget, we need
|Rs| < |Q] + B. The summary must preserve shortest paths be-
tween query tables, i.e., ds(R, S) = dg(R, S).

In addition, we also need an order-preservation condition, as ex-
plained below: For each R, S € Q, and for any shortest path II in
8, there must exist a shortest path IT' in G such that the sequence
of tables in IT is a sub-sequence of the sequence of tables in IT'.

Example 2. Figure 4 illustrates why we need such a condition.
Suppose that we want to summarize the graph G from Figure 4(a),
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Figure 4: (a) Graph G; (b) One of several summary graphs of
G, with budget 2; (c) Invalid summary graph of G: path order
violation.

where Q = {R, S} and B = 2. There are many possible sum-
maries, e.g., the path R — A — C — S depicted in Figure 4(b). How-
ever, the path R — C'— B — S in Figure 4(c) is not a valid summary,
even though it preserves the shortest distance between R and S ta-
bles R, C, B and S appear in a different order in Figure 4(c), than
in Figure 4(a). Presenting a user with the graph from Figure 4(c)
would give a false idea about the semantics of the database, since
the logical order of the joins is violated.

Order preservation conditions are not common in graph algo-
rithms, and make the problem more challenging. In particular, ¢-
spanners [2] do not guarantee order preservation.

The following definition summarizes the above discussion.

Definition 2. LetG = (R, £) denote a schema graph with weight
function wt over its edges, and let £, denote its metaedges. Let
Q C R be a query set and let B > 0 be the summary budget. A
graph S = (R, &) is a summary graph of G with respect to Q if
it satisfies the following conditions:

(i) QCRs CRand|R:| <|Q]+ B.
(ii) Forany pair of query nodes R, S € Q,dg(R, S) = ds(R, S).

(iii) For any shortest path II between R, S in S, there exists a
shortest path II” between R, S in G such that the sequence of
tables in IT is a sub-sequence of the sequence of tables in IT'.

Given Q and B, a summary graph S is optimal if it minimizes
wt(S) = - e, wi(e) over all summary graphs of G with respect
to Q and B.

Example 3. Figure 3 illustrates the importance of choosing an
optimal summary graph. Both graphs in Figures 3(b) and (c) are
valid summary graphs of the graph in Figure 3(a), with respect to
the query set @ = {R,S,T} and for budget B = 1. However,
by retaining node A, which lies on all three shortest paths (i.e.,
between pairs (R, S), (R, T) and (S,T")), the graph in Figure 3(b)
has significantly lower weight. Thus, there is a direct connection
between optimizing the weight of a summary graph and choosing
those nodes that are “hubs” in the summary.



3. COMPUTING SUMMARY GRAPHS

Computing the optimal summary graph is NP-Hard, as we show
in Section 3.1. Moreover, even approximate solutions seem elusive
because of the order preservation condition. The most common
case of violating the order occurs because of O-weight edges, as in
Figure 4(c). Other cases may occur because of multiple shortest
paths between two nodes. We have encountered both cases in our
experiments with the TPC-E database. To reduce the complexity
of the problem, we add small random noise to each edge, so that
all weights are positive and ties between multiple shortest paths
are broken. Details on generating noise values are in Appendix A,
along with an explanation of why we expect this heuristic not to
affect the quality of results.

3.1 Properties of Summary Graphs

For the remainder of this paper, we therefore assume that all
weights are non-zero, and that for every pair of nodes R, S € R,
there is a unique shortest path connecting them in G. Even with
these restrictions, the problem remains NP-Hard. The following
result follows by reduction from CLIQUE IN (n — 4)-REGULAR
GRAPHS; see proof in the Appendix B.

THEOREM 1. Let G be a schema graph. Computing the optimal
summary graph of G with respect to Q and B, where Q is a set of
query nodes from G and B is the summary budget, is NP-Hard.

However, we show that it is sufficient to compute the optimal
summary graph for a smaller graph P C G, which consists only
of the shortest paths between nodes of Q. We also prove a nice
property of the optimal solution. The proof is in Appendix B.

PROPOSITION 1. Let Q be a set of query nodes in a schema
graph G. Let P be the union of shortest paths between pairs of
nodes in Q. Then:

(i) Any optimal summary graph of G with respect to Q is also an
optimal summary graph of P with respect to Q, and vice versa.

(ii) Every metaedge (A, B) in an optimal summary graph of G
(with respect to Q) satisfies the property that A and B appear to-
gether on at least one of the shortest paths in P (i.e., there are no
cross-over metaedges connecting nodes from different paths).

This allows us to formulate an elegant integer program over P,
for which existing IP solvers like CPLEX can quickly compute a
solution. Moreover, the size of shortest paths in P is often con-
stant (hence, independent of the size of G). Whenever this holds,
|P| = O(]Q|*) and our solution is highly scalable. (Recall that Q
is a query set reflecting user interest and/or display capacity, so we
expect |Q| < 10.)

3.2 Integer Program

Let P denote the union of shortest paths between nodes in O, as
above. We formulate the integer program over graph P.

Let xuv, u,v € R, be metaedge variables, and y.., v € R, be
node variables; X 1, resp. y, = 1, if and only if metaedge
(u, v), resp. node w, is in the summary graph. For technical rea-
sons, we define the metaedges to be directed. However, we require
ZTuv = Tyy for all (u,v), i.e., the summary graph contains either
both directed metaedges, or neither. This allows us to get rid of
directionality at the end, and return an undirected summary graph.

For each pair of query nodes 7 and j, we denote by II;; € P
the shortest path between ¢ and j. For each node u € Il;;, let
Pred;;(u), resp. Succi;j(u), denote the set of nodes that pre-
cede, resp. succeed, node u along path II;;, when traversed from
i to j. For example, in Figure 3(a), Predrr(B) = {R, A} and
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Succrr (B) = {T}. Let MetaNbrs(u) = U, ;oo (Predi;(u) U
Suce;j(u)) denote the set of all nodes preceding or succeeding u

on any shortest path of P. We define the following integer program:
Minimize > Tuowt(u, v)

Subject to :

(1) ZwESuccij(’u) Tow > Luwv, VH’LJ S 7), VU,'U € HZ]

(2) wePred;; (u) Twu > Tuw, VIi; € P, Vu,v € Il
(3) w,vell;; Typ > 1, VHij cepP

(4) ZuGA{etaNb'rs(u) Tuv < yu|MetaNbrs(u)|, Vu
(5) Zugg Yyu < B

(6) Tuwo =2Tou, Yu,v

() yu=1 YueQ

(

8)  Tuw,yu € {0,1}, Vau,v

The following result states that the integer program is correct;
the proof is in Appendix B.

PROPOSITION 2. The optimal solution of the above integer pro-
gram is an optimal summary graph of G with respect to query set
Q and summary budget B.

4. EDGE WEIGHTS

In this section, we propose a weight function over schema edges
that quantifies how informative they are using well-known concepts
from information theory.

To arrive at a principled definition for a weight function, let us
first consider a subtle distinction. Let S — R — T be a path in the
schema graph. There are two possible paths corresponding to it at
the column level, depending on whether or not the two join edges
of R involve the same column. For example, Figure 5(a) shows a
join path S — R — T that involves two different columns of R, i.e.,
R.B and R.C. In this case, there is at least one more (implicit) re-
lationship that, while not depicted at schema level, is nevertheless
used for computing the join result: a co-occurence relationship for
columns R.B and R.C. More precisely, a tuple of values (x,y)
satisfies such a relationship if the tuple appears in the projection
of R on {R.B, R.C'}. Figure 5(a) depicts, in fact, two such rela-
tionships inside table R (edges (R.B, R.A) and (R.A, R.C")) for
reasons that we explain below. By contrast, if path R — T — S
enters and exits table 7" on the same column, so there is no need to
process any co-occurences.

Our goal is to define the weights of schema edges in a way that
accurately reflects which of the two cases applies at column-level.

4.1 Column-Level Graph

We define the column-level graph corresponding to a schema
graph, as follows. All nodes in the graph are either primary keys in
their respective tables, or foreign keys with respect to primary keys
of other tables. (Joins between tables are issued over columns for
which a foreign/primary key constraint is specified in the schema.)
There is an edge between any foreign key and its primary key -
denoted inter-table edge; and between the foreign key and the pri-
mary key of the table to which it belongs - denoted intra-table
edge. For example, in Figure 5(a), the inter-table edge (R.B, S.D)
is included because there is a foreign/primary key constraint be-
tween the two columns; while the intra-table edge (R.A, R.B) is
included because R.A is the primary key of R. However, the edge
(R.B, R.C) is not in the graph.

Note that, for the sequence of joins S.D — R.B; R.C'—T.F, the
path between S.D and T F in the column-level graph contains two
intra-table edges: (R.A, R.B) and (R.A, R.C'). Why not connect



Figure 5: (a) Example column graph: dashed rectangles repre-
sent tables; circled nodes are primary keys; (b)Corresponding
edge weights of the schema graph.

R.B and R.C directly? Recall that an intra-table edge represents a
co-occurence relationship. Since R.A is the primary key of R, the
semantics of the join S.D — R.B; R.C' — T'.F remains the same,
whether we regard it as traversing the single edge (R.B, R.C), or
the two edges (R.A, R.B) and (R.A, R.C'). However, the com-
binatorial structure of the two possible paths in the column-level
graph is different. Moreover, the edge weights can be impacted by
whether or not one endpoint is a primary key; see Appendix C. For
a fair comparison with inter-table edges (which always have one
endpoint a primary key), we require all edges to have one endpoint
a primary key.

Multi-column keys Every multi-column key is a node in the col-
umn level graph, with a multi-column foreign key connected to the
primary key of its table. Multi-column foreign/primary key con-
straints are represented as edges between the respective nodes.

We define edge weights in the column-level graph using infor-
mation-theory measures, then extend them to weights in the schema
graph.

4.2 Defining Weights

We assume familiarity with information theory concepts. See
Appendix C for a quick primer. For a joint distribution (X,Y"),
let I(X,Y) and H(X,Y) denote its mutual information, resp. its
entropy. Then D(X,Y) = W =1- ;I(g{’};))
distance function [10].

Column-level graph We define the weight of an edge (C1, C-2)
in the column-level graph to be D(C1, C2), where D(-, -) is the dis-
tance function defined above. Columns C' and C are regarded as
distributions of values (or distributions of tuples, if they are multi-
columns). However, to apply function D, we also need to specify
the joint distribution of C'y and Cs.

When C; and C> belong to the same table R, we define their
joint distribution (C4, C2) to be the projection of R on {C1, C2},
consistent with prior work [7, 15]. For the case when C7 and C>
belong to different tables, we are not aware of any prior result that
defines a joint distribution based on their join. We propose using
the output of the full outer join as their joint distribution. The rea-
son is that, unlike the inner join, the outer join contains values that
do not match, i.e., pairs of type (val, NULL). We want our weight
function to be aware of such pairs, and penalize those joins with ex-
cessive numbers of unmatched values.

We discuss two examples of joint distributions. For convenience,
we also show their pointwise mutual information (-, -); see Ap-
pendix C for the definition.

is a

Example 4. Suppose that in Figure 5, the projection of R on
(A, B) is as follows:

A 1 2 4 5/6(7|8
B 2 1 2 315|516
i(a,b) || log g log = log g 312123
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Then (A, B)=3", e (a.p) P(a;b)i(a,b)=5(13 + 3log §)
~2.155, and H (A, B)==3_, 1 c(a,p) P(a,b) logp(a, b)=
log 8 = 3. We have D(A, B) ~ 0.28.

Example 5. Suppose that in Figure 5, the foreign key column
E has values {1, 1,2}, and the primary key column F' has values
{1,2, 3,4}. The result of the full outer join is:

F 1|1 2 3 4
E 1|1 2 NULLNULL
i(e,f) || log % log 5 |log % log %

Then I(E, F)=3(, f)e(m,r P& f
log 2 +log 2)~1.52, and H(E, F)=1%(2log 3 + 3log 5)~1.922.
We have D(E, F') ~ 0.21.

Yile, f)=2(2log 2 +1log 5+

Schema graph We are now ready to define the weight function
for table-level edges, as follows. Let (R,S) be an edge in the
schema graph. Then wt(R, S) is the (minimum) sum of weights
between the primary keys of tables R and .S, along the column-
level path that contains only columns from R and S. For exam-
ple, in Figure 5(a), we compute wt(R,S) = wt(R.A,R.B) +
wt(R.B, S.D) = 0.38. In general, there may be another column-
level path between R and S - say, if a foreign key column of .S was
connected to R.A. In that case, wt(R, S) would be the minimum
of the two path weights. Figure 5(b) shows the weights of schema
edges corresponding to Figure 5(a).

5. EXPERIMENTAL EVALUATION

We conduct our experimental evaluation over the TPC-E [18]
benchmark database, which simulates the On-Line Transaction Pro-
cessing (OLTP) workload of a brokerage firm. We chose a bench-
mark database for two reasons: First, it has a well-specified schema,
including all foreign/primary key constraints. Second, it has a trans-
action log, which we use to define independent quality measures for
our summary graphs.

Experimental Setup We generate two database instances for the
TPC-E schema, using EGen_v3.14%, with parameters as listed in
Table 1, Appendix D. The instances, which we call TPCE-1 and
TPCE-2, have significantly different table sizes. Thus, we verify
the robustness of our method over different datasets, but for the
same schema. All methods are implemented in Java, and evaluated
on a PC with 2.33GHz Core2 Duo CPU and 3.25G RAM.

5.1 Quality Measures

To evaluate the quality of our results, we propose two measures
that quantify how well a summary graph represents the tables and
edges occuring most frequently in a query log. The intuition is that
the most informative tables and edges in a database are also the
most frequently queried. Exceptions may occur; see, e.g., [21].

Let f(T') denote the frequency with which a table 1" appears in
the transaction log. Similarly, let f(R, S) be the frequency of edge
(R, S) in the log. Details about the TPC-E transaction log are in
Appendix D.

Definition 3. Let G = (R,€) be a schema graph and S =
(Rs, Es) be a summary graph of G with respect to query set Q and
budget B. A table 7" is covered by S, denoted T' < S, if T € R.
An edge (R,S) € & is covered by S, denoted (R,S) < S, if
(R, S) appears on a shortest path between query tables in Q, and
at least one of the tables R or S is covered by S.

EGen is a software package provided by TPC [18].
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MI and MAF weights.
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Figure 8: Table coverage of summary graphs (Q=4) based on
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Figure 7: Join coverage of summary graphs (B=2) based on MI
and MAF weights.

The reason for the above definition of covered edges is as fol-
lows. First, recall that the edges £, of S are metaedges of G. Some
of them may coincide with edges from £, but in general this is
unlikely. Therefore, it would be pointless to say that an edge is
covered if it appears in S. The next best thing is to define an edge
as covered if it appears on a shortest path between a pair of query
tables in Q. However, this does not help us compare different sum-
mary graphs for the same query set Q. We therefore add the addi-
tional requirement that at least one endpoint of the edge appears in
the summary. This is consistent with the summary usage discussed
in Section 1, where users can request edges adjacent to summary
nodes.

We define our independent quality measures as follows.

Definition 4. Let G = (R,E) be a schema graph and S =
(Rs,Es) be a summary graph of G.
. . _ Yr<s (D)
(i) The table coverage of S is ; = 723;2 TR
> (r,s)<s F(1,S)

(ll) Thejom coverage of Sis (PJ = m
,B)e ’

(iii) The density of S is \‘éi “ .

Assuming that the transaction log frequency of tables and edges
is proportional to their importance, then the first two measures re-
flect the fraction of table, resp. join edge, importance captured by
the summary. The last measure reflects the complexity of the out-
put: the smaller the density, the easier the graph is to understand.

For TPC-E, the distribution of join edge frequencies is signif-
icantly more skewed than that of table frequencies, with a few
edges having very high frequency. Therefore, as we see throughout
this section, differences in table coverage among various summary
graphs are more pronounced than for join coverage (whenever sum-
mary graphs include the same heavy edges, they have nearly iden-
tical join coverage, despite being otherwise quite different).

Given the above observation, we consider table coverage to be
the more informative measure.

Figure 9: Join coverage of summary graphs (Q=4) based on MI
and MAF weights.

5.2 Comparing Weight Functions

We compare the quality of summary graphs obtained from