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Abstract

Large amounts of business data are kept in tables of fixed-length records. Columns in such a table
may be functionally dependent on one another, resulting in low overall information content. This paper
shows how to exploit this source of information redundancy to compress table data. Experiments with a
wide variety of massive tables including telecom data and stock quotes show that this technique compresses
table data well, up to 48:1 or even 100:1 reduction in some cases.

1 Introduction

Tables are sequences of fixed-length records. Corporate data warehouses generate massive tables daily to
keep track of on-going operations. For example, a large telephone company may record all telephone calls
flowing through its network in daily call detail tables. Each of these tables ranges up to more than two hundred
million records. Depending on table types, call detail records may be anywhere between a few hundred to a
few thousand bytes long. On a monthly basis, the data generated ranges up to terabytes. Further, these data
tables spawn many other tables for purposes such as billing, maintaining business relationships and managing
fraud. The cost to store and manage such data can run up to tens and hundreds millions of dollars. It was this
high cost that motivated the ground-breaking work by Buchsbaum et al to develop the compressor Pzip [5, 6]
to compress massive tables.

Tables are similar to databases in that different parts of a record may be functionally related. For ex-
ample, in a customer data table, the zipcode in an address is usually predictable from the area code of the
corresponding telephone number since area codes are by and large defined geographically. A major part in
designing a database is to analyze dependency among fields and factor the database tables appropriately to
maintain consistency and ease maintenance. The database factorization process helps to reduce storage but
this is not its only goal. From an information-theoretic point of view, functional dependency is a form of in-
formation redundancy since data in the range of a function can be computed from that in the domain. As such,
functional dependency could be exploited to enhance data compression. However there are issues to consider
before this can be effectively done. First, where functional dependency among fields in a database can be
analyzed from the design of the database, i.e., database schemas, such relations among columns of a table
are not readily known. For example, a telephone call detail table may be computed from a database on some
legacy system already outsourced to a different company. Thus, even if compression is desirable to reduce
data transmission, the operator or tool in use may not know or even have permission to know how the data
was generated. Further, relationships among parts of a record in a table are not always perfectly functional
even if they may be sufficiently predictable within some limit. For example, an area code may span multiple
zipcodes so the area code and zipcode relation is not truly functional even though the correspondence may
hold over many records.

Thus, any structure in given data must be automatically learned for the purpose of compression. Fol-
lowing Pzip, we treat a table as a two-dimensional array of bytes. Then, we introduce k-transforms as a
way to capture column dependency to transform table columns in an invertible way. The transformed data
can be better compressed by some entropy coding techniques [10, 15] so this approach is similar to block
sorting techniques such as the famed Burrows-Wheeler transform [7]. Unfortunately, computing an optimum
k-transform for k& > 2 is NP-hard. However, when k& = 1, the problem reduces to computing optimum
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branchings on directed graphs [8] and has efficient solutions. Unfortunately, & = 1 does not always pro-
duce good compression. So we present a practical, fast, and space-efficient method to compute suitable
2-transforms. A new table compressor was constructed based on the proposed technique. This compressor
fully automates the process by learning the table nature of a given dataset (i.e., automatically computing its
record length), computing dependency relations among the columns, then compressing the data. We mea-
sured compression performance based on an extended set of files starting from the corpus used for testing the
Pzip program. Experimental results showed that our method could compress 50% better than Pzip with faster
compression speed.

2 Transforming a table by column dependency

If S is a string of bytes or a sequence of objects, S[i] denotes the i** element of S while S[i..j] denotes the
subsequence between positions ¢ and j where ¢ < j. If S is a sequence and ¢ is an object or another sequence,
S o t denotes the sequence built by catenating .S and ¢.

A table T is a sequence of m records, each of length n. That is, T' is a 2-dimensional byte array with
m rows and n columns. The superscripts r and c are used to denote rows and columns in 7. For example,
T"[i] denotes the 5" row or the i** record while T[] denotes the j** column or the sequence formed by
catenating the jt* byte of each record. We shall think of both 7" [i] and T°[4] as strings of bytes even though
T is in row-major order on input. The superscripts may be omitted whenever the context is clear whether
rows or columns are involved.

If P = (p1,p2,---,Pk) is a sequence of distinct column indices, T'[P] is defined as the table formed by
juxtaposing in order the columns T[p1 ], T¢[p2], ..., T¢[pk]. To simplify presentation, we shall abuse notation
and use P to denote T'[P] whenever the context is clear. We occasionally consider an empty sequence P. In
that case, we think of T'[P] as a sequence of m empty strings.

A dependency relation is a pair (P,¢) in which P is a sequence of distinct column indices (possibly
empty) and ¢ a column index not in P. If the length of P is less than or equal to k, we say that (P, c) is a
k-relation. For reasons that will become clear later, we say that P is the predictor of c or, alternatively, c is
predicted by P.

2.1 Reversible column sorting

Given a dependency relation (P, ¢), data in ¢ can be made more amenable to compression by sorting ¢ based
on P. To this end, we define the sorted index Zp and sorted column Sp,. as follows:

e If P is empty, Zp is defined to be the identity permutation of the index sequence (0, 1, ...,m — 1). Oth-
erwise, Zp is the unique permutation formed by stably sorting the same indices using the lexicographic
order of the rows of T'[P].

e Sp. is formed by permuting column T'[c] based on Zp. That is, Spc[k] = T'[c|[Zp[k]] for 0 < k < m.

Column T'[¢] can be recovered from Sp. as long as we have P. This is done by first computing Zp, then
setting T'[c][Zp[k]] = Sp,c[k] for 0 < k < m.

908771laaaa 07922 908 2
973360bbbb 07932 973 3
908464cccc 07922 908 2
973360dddd 07932 973 3

Figure 1: A table of phone numbers and zipcodes

Figure 1 shows examples of the defined constructs. The left side of the figure shows a table T with 4
records, each of which consists of a 10-digit phone number and a corresponding 5-digit zipcode separated by
ablank. Let P = (0, 1,2) and ¢ = 14. The right side of the figure shows T'[(0, 1,2)] and T'[14]. We see that
I(0,1,2) = (0, 2, ]., 3) and 8(071’2),14 = 2233.



2.2 [Estimating predictability

Algorithm 7 (P, ¢)
1. Setw =0;
2. For 0 < i < m: initialize map[P"[i]];
3. ForO0<i<m:

(a) If map[P"[i]] = T°[¢][é] then 7 = 7 + 1;
(b) Set map[P"[i]] = T¢[c][i];

4. Return 7;

Figure 2: Estimating how well P predicts c.

The example in Figure 1 shows that for a good dependency relation (P, ¢), column T[] is either com-
pletely or largely predictable from T'[P]. Predictability means that the sorted column Sp,. tends to collect
same bytes together so it becomes more compressible than the original column T'[¢]. Thus, to help com-
pression, it is beneficial to find for each column some suitable predictor sequence. As there may be many
predictor sequences for any given column, the first step is to find a way to quantify predictability. A simple
weighting for a dependency relation (P, ¢) is the length of T'[¢] minus the number of runs in the sorted column
Sp,c. Figure 2 shows a weighting function 7(P, ¢) that is faster to compute. Step 1 and 2 initialize data. In
particular, elements of an associative array map indexed by the rows of table P (i.e., T[P]) are initialized
to some preselected value (e.g., 0). Step 3 iterates over each row of P to see whether the current mapping
matches the corresponding element in column ¢ and, if so, increases the weight 7. The element in the map is
then updated with the respective element of column c. Note that when P is empty, the convention of treating
P as a sequence of m empty strings means that the algorithm estimates the length of column T'[¢] minus the
number of runs in T'[¢].

It is clear that the cost of running the above algorithm depends on the cost of indexing the associative
array map. When k > 0, indices are strings of length % so a trie [11] can be used resulting in total cost of
O(km) time and space. When k = 0, the cost is O(m) for time and O(1) for space (not counting input).

2.3 k-transforms

Let D be a collection of dependency relations {(P,¢)} andw : D — N a weight function mapping elements
of D into the natural integers. The weight w(D) is defined as )~ p . w(P, ¢). In addition, the dependency
graph G(D) is defined by taking nodes as columns appearing in any dependency relation and expanding each
relation (P,c) to edges p — ¢ where p is in P. A collection D of dependency relations is said to be a
k-transform for table T if:

e Each column of T appears exactly once as the right part of some dependency relation (P, ¢),
e The dependency graph G(D) is acyclic, and
e Each dependency relation (P, ¢) is a k-relation.

A k-transform D can be used to transform the data in columns of 7' by sorting them based on their
predictors. Figure 3 shows how to do that. Step 1 of the algorithm is valid because the graph G(D) is acyclic.
Step 2 is well-defined since (P, T'[¢]) is unique by definition. We note that the transformed data is invertible
by following the topological order and inverting each sorted column based on their predictors as discussed
in Section 2.1. The sorted permutation Zp is well-defined at each step since the topological sort order of
the columns guarantees the reconstruction of all columns in the predictor P of a column ¢ before c itself is
reconstructed.



Algorithm Transform(T,D)
1. Sort the nodes of G(D) topologically to create a sequence of columns T'.

2. For 0 < ¢ < n: compute and output the sorted column Sp,r( where (P, T'[c]) is a relation in D.

Figure 3: Transforming table T by a k-transform D.

The cost of the first step in the algorithm is O(kn) since kn is the maximum number of edges in the graph
G(D). The cost of the second step depends on the cost of sorting the rows of the predictors. Since these are
fixed length strings of bytes, they can be sorted using bucket-sort for a total cost of O(kmn) where m is the
number of rows in table T". Thus, the total cost of transforming data is bounded by O(kmn). In practice, we
use k = 1 or k = 2 so the transforming cost is linear in the size of data.

2.4 Computing a practical 2-transform

There are many possible k-transforms for any given table 7. A k-transform D is said to be optimum if it has
maximum weight. For each table T', let R(T') be the set of all k-relations for T'. We construct a hypergraph
H(T) as follows. The hypernodes are either predictor sequences of the k-relations in R(7") or single columns.
The hyperedges are members of R(T"). The hypergraph #(T") is similar to the k-supergraph considered by
Adler and Mitzenmacher [2] except that our hypernodes are ordered. In addition, computing an optimum
k-transform for 7' is equivalent to computing an optimum branching on #(T"). Thus, the results by Adler and
Mitzenmacher [2] carry over and show that computing an optimum k-transform is NP-hard for & > 2.

Algorithm Plan(T)
1. Set D = ¢.
2. For0<c<n:

(a) P=¢.
(b) For0 <p < e If m((p), c) > w(P,c), set P = (p).
(¢) Add (P,¢)toD.

3. Sort the nodes of G(D) topologically to create a sequence of columns T'.
4. For0 <c¢ < n:

(a) Let (P = (p),I'[c]) be the 1-relation in D corresponding to I'[c].
(b) For0 < g < ¢: If T'[g] # pand w(p o T'[q],[¢]) > w(P,T[¢c]), set P = poT'[q].

5. Return D.

Figure 4: Computing a 2-transform for table 7'

When k& = 1, H(T) reduces to a directed graph and the induced optimum branching problem has an
efficient solution [9]. But our experimentation showed that using two predictors per column tends to produce
better compression than just one. In addition, the graph H(T) requires O(mn?) time and O(n?) space
to construct. Figure 4 shows how to compute a practical 2-transform based on the prediction weight 7
(Section 2.2). It works in two phases. In the first phase, a 1-transform is computed by finding for each
column c¢ the preceding column p with maximum predicting weight w((p), ¢). For each 1-relation computed
in the first phase, the second phase finds an additional predictor column that, together with the first predictor,
maximizes predictability.



The algorithm takes O(n) space to store the computed relations. The total number of prediction weight
calculations in both phases is bounded by n(n — 1) so the entire algorithm runs in O(mn?) time. Note that
step 2 could be slightly enhanced by computing an optimum branching of the graph 7 (7"). That would add
a factor logn to the time bound and require O(n?) space. In practice, the compression improvement is too
small to justify this additional complexity.

3 Table compression

3.1 Computing the record length

Data in a table often repeat across records even if the repeated parts may not always be the same. For
example, in a telephone call detail table, an area code will likely be repeated across some subset of records
due to customers living in the same area. Likewise, many street addresses would have the same town or city
names and zipcodes. Due to the fixed length and fixed format nature of the records, such data would likely
occur at the same positions in many records. Further, a table is often a step toward reports summarizing
decision-making information so records with similar data tend to cluster together. This means that many
parts of such a table in row-major order can be thought of as being a quasi-periodic strings where the period
is the record length.

Algorithm RecordLength(T)
1. For0 < < t:set L[{] = 0.
2. For0<i<t:

(a) Let j > i be the least index s.t. T'[i..t — 1] and T'[j..t — 1] have the longest matching prefix.
(b) If there is no such j, skip to next ¢;
(c) Otherwise, let p be the length of the match, and
(d) Set L[j —i] = L[j —i] + p.
3. Setn =1.
4. For2 <1< t:

(a) If L[i] < L[n], skip to next .
(b) If n > 1 and ¢ mod n = 0, skip to next q.
(c) Setn =i.

5. Return n.

Figure 5: Estimating the record length of table 7T'.

Let T be a table of ¢ bytes in row-major order with an unknown number of records. Figure 5 shows
how to compute n, the number of columns or record length. Here, T is treated as a string of length ¢. The
algorithm works on two assumptions: (1) a significant number of matches occur at the same positions in
different records, and (2) records with similar data occur together. The first assumption is necessary for the
correctness of the algorithm since it means that the array L will be likely to have peaks appearing at multiples
of the record length. The second assumption implies that similar records are clustered together so a high peak
in L will likely appear at the record length. This assumption can be alleviated by changing steps 3 and 4 of
the algorithm to look for some appropriate common divisor of the high peaks in array L. Although this is an
interesting algorithmic variation of the problem, it adds significant complexity and we have not found it to be
necessary in practice. The run time of the algorithm depends on finding longest matching prefixes of suffices
in T'. This can be done in O(t) time and space using suffix trees [14].



3.2 Compression strategy

Based on the described techniques, the overall strategy of our table compressor is as follows:

1. Use algorithm RecordLength to automatically determine the number of columns.
2. Use a suitable sample S of data to compute a 2-transform D, i.e., D = Plan(S).
3. Transform table T" according to D, i.e., run Tranform(T,D).

4. Run a back-end compressor to compress the transformed data.

Step 1 allows transparent use of the table compressor without any a priori knowledge about the data to
be compressed including record length. Steps 2 computes a 2-transform as described in Section 2.4. Typical
tables can be very large but only a small sample of data would be needed to compute a good transform. In
practice, for tables with a few hundred columns, about a thousand rows of data would suffice. Step 3 applies
the computed transform to the data as described in Section 2.3. The transformed data is amenable to com-
pression in the same way that data transformed by the block-sorting Burrows-Wheeler transform [7] would
be. In fact, our back-end compressor has the same form as that of a typical Burrows-Wheeler compressor [3],
i.e., a composition of move-to-front processing, run length encoding and entropy coding.

3.3 Implementation notes

Below are a few engineering choices in the compressor implementation that have significant effects on com-
pression:

o Column sorting: Step 1 of algorithm Tranform(T,D) in Figure 3 and step 3 of algorithm Plan(T) in
Figure 4 sort columns topologically according to the dependency graph G(D) but with two further
constraints:

— Columns without predictors are kept together at the front of the sorted list. Since these columns
are not transformed by column dependency, our compressor provides an option to transform them
together using the Burrows-Wheeler transform. As a non-table dataset can be thought of as a table
with a single column, this option would provide for better compression of such data. However,
many types of table data have low information content in columns so the back-end compressor
would perform adequately already. Applying the Burrows-Wheeler transform in such cases may
not be worth the incurred computing cost.

— The natural order of the columns are maintained as much as possible without violating the above
condition and the topological sort order. This is done by modifying the topological sort algorithm
to maintain column indices with already sorted predictors in a priority queue. This adds a logn
factor to sorting. Compression is improved somewhat for the data that we deal with, perhaps
due to certain data dependency implicit in the column ordering not yet captured by the computed
2-transforms.

e Back-end compressor: The table transform is implemented as a data transforming method in the
Vcodex package [16]. It can then be composed with the predictive move-to-front transform, the 0O-
run encoder and the Huffman coder with grouping already available in Vcodex to build a complete
compressor. The predictive move-to-front transform of Vcodex uses a learning strategy that creates
more 0’s in the transformed data than the normal move-to-front transform. The Huffman encoder with
grouping computes clusters of data segments that compress well with single Huffman tables. This
strategy performs much better than a pure Huffman coder and is competitive to other entropy coders
such as arithmetic coding but runs faster.

e Windowing for large data: Certain tables to be compressed may be in the hundreds megabytes or
even gigabytes range. The compressor divides large tables into segments or windows of sizes that can
be entirely processed in memory, typically a few tens of megabytes. The 2-transform described in
Section 2.4 is computed only once, then applied to all windows.



4 Performance

Our table compressor was implemented as the option -¢ of the compressor Vczip in the Vcodex package [16].
We shall present data comparing Vezip-t, Pzip, the Burrows-Wheeler compressor Bzip2 and the Lempel-
Ziv compressor Gzip. All experiments were performed on a Pentium 4 2.8GHZ processor with IGB RAM
running the Linux Redhat 8.0 operating system. Timing results were obtained by averaging data from 5
different runs. Variations among runs were negligible.

For test data, we started with the corpus used to test the Pzip program [5], then added an Excel spreadsheet
taken from the Canterbury corpus®, a set of telephone call detail records on the AT&T network, and a one-day
set of stock transactions on the New York Stock Exchange. Below are brief descriptions of these files:

¢ EGF, LRR, PF00032, BACKPQQ, CALLAGEN, CBS: files from the Pfam database of multiple align-
ments of protein domains [4].

e CYTOB: a file from the AMmtDB database of multi-aligned sequences of verterbrate mitochrondial
genes for coding proteins [12].

o CARE: a set of event records from a customer care database of voice call activity.
¢ NETWORK: a set of event records from a system of network status monitors.

e CENSUS: a portion of the US 1990 Census of Population and Housing Summary Tape File 3A [1],
field group 301, level 090 for all states.

e LERG: afile from a database describing local telephone switches. Spaces were appended as necessary
to make all records have the same length.

o KENNEDY: the kennedy.xls Excel spreadsheet from the Canterbury corpus.
e EMC: a set of telephone call records. The records are large but sparse.

e NYSE: a complete record of stock trades on the New York Stock Exchange on September 18, 2003.

Table 1: Compression results

| File | Size | Vezip-t | Pzip | Bzip2 | Gzip |
EGF 533,920 36,264 46,267 51,545 72,305
LRR 235,440 35,059 45,705 49,828 61,745
PF00032 402,512 19,142 28,254 28,811 34,225
BACKPQQ 22,356 5,488 6,477 7,284 7,508
CALLAGEN 242 816 39,808 48,206 57,664 67,338
CBS 73,834 14,723 17,415 21,283 23,207
CYTOB 579,425 49,417 67,157 82,559 109,681
CARE 8,181,810 1,051,539 1,272,841 1,661,885 2,036,277
NETWORK 60,889,500 1,333,435 1,827,589 2,627,757 3,749,625
CENSUS 332,959,796 | 12,706,667 17,364,441 20,178,769 30,692,815
LERG 3,480,030 137,375 187,162 355,739 454,975
KENNEDY 1,029,744 53,730 53,391 130,280 206,767
EMC 1,146,789,242 | 11,381,760 14,959,540 27,392,245 53,291,017
NYSE 3,160,251,353 | 65,174,400 | 110,992,016 | 148,847,896 | 212,052,052

Table 1 shows raw and compressed file sizes for all combinations of files and compressors. Figure 6
shows compression factors, i.e., the ratios of raw sizes over compressed sizes. Vczip-t performed best in all

*Available at http://corpus.canterbury.ac.nz/.



Compression Factor

100 —

80

60 —

40

20

2€0004dd

DOdMOVE

I
o
>
—
g
>
©)
m
=z

S0 -

HHOMLAN

SNSN3D

Figure 6: Compression factors.

O3

cases except for KENNEDY where it was slightly worse than Pzip. Vczip-t did particularly well on the two
largest files, EMC and NYSE where the compression factors were about 100:1 and 48:1 respectively. Bzip2
compressed better than Gzip but far worse than Pzip and Vczip-t.

Table 2: Compression and decompression times in seconds

Data Vezip-t Pzip Bzip2 Gzip
File #Cols || Comp Deco Plan Exec Deco Comp Deco Comp Deco
EGF 188 0.31 0.03 15.54 0.05 0.02 0.15 0.05 0.04 0.01
LRR 72 0.12 0.02 9.02 0.05 0.02 0.05 0.03 0.02 0.01
PF00032 176 0.30 0.02 261.08 0.05 0.02 0.18 0.03 0.02 0.01
BACKPQQ 81 0.02 0.01 8.474 0.04 0.01 0.01 0.01 0.01 0.01
CALLAGEN 112 0.16 0.01 28.33 0.05 0.02 0.07 0.03 0.04 0.01
CBS 134 0.09 0.01 13.92 0.03 0.01 0.02 0.01 0.01 0.01
CYTOB 1225 3.46 0.04 || 2488.63 0.09 0.02 0.20 0.09 0.13 0.01
CARE 90 1.16 0.48 316.79 0.85 0.14 3.33 1.13 0.84 0.13
NETWORK 126 3.11 2.46 42.93 1.92 0.48 32.88 4.03 2.43 0.47
CENSUS 932 12.17 9.90 915.48 14.08 2.16 39.55 21.57 17.49 3.27
LERG 30 0.33 0.15 4.54 0.19 0.05 1.18 0.28 0.25 0.04
KENNEDY 13 0.28 0.08 691 0.10 0.03 0.25 0.08 0.12 0.01
EMC 2042 || 30.32 | 31.51 66.57 13.64 6.37 467.24 86.82 33.80 8.17
NYSE 92 || 95.80 | 98.10 79.86 | 120.90 | 23.75 || 1217.39 | 193.17 || 135.49 | 25.05

Table 2 shows timing results. The first column shows the record sizes which range from 13 to 2042.
These sizes had substantial effects on the training time of Pzip and the time used to compute the k-transforms
in our method. They were computed by the algorithm RecordLength in Section 3.1. For the files in the Pzip
corpus, the results matched with the description given by Buchsbaum et al [5]. For KENNEDY, EMC and
NYSE, it was unknown whether or not the true record lengths were computed. But, neither way mattered as
long as the compression was effective. Compression times for Pzip were separated into two parts: computing




a compression plan and executing it. The default dynamic programming training method of Pzip was used
in the experiments since it produced the best compression results. This algorithm ran in O(n®) time with n
being the number of columns so it was slow for tables with large number of columns. It performed seemingly
well for EMC only because this table had many low-entropy columns and Pzip excluded them from the
dynamic programming computation. Note that the computation of the 2-transforms in Vczip-t was naturally
included as a part of the compression process. Even with that, Vczip-t compressed faster than the execution
phase of Pzip on CENSUS and NYSE. Bzip2 compressed extremely slowly the two largest files, EMC and
NYSE. This is probably due to the information sparsity in a number of columns in these tables which exerted
adverse effect on the suffix sorting algorithm used in computing the Burrows-Wheeler transform. As typical
with string matching compressors, Gzip decompressed extremely fast. Pzip decompressed at about the same
rate as Gzip since it used the same underlying compression technique after training. For large files, Vczip-t
compressed and decompressed at about the same speed because, except for the k-tranform computation on
compression, the compressor performed about the same computation both ways. Thus, Vczip-t decompressed
slower than Pzip and Gzip. However, it easily won over Bzip2.

5 Discussion

Columns in a table are like fields in a database and dependency among columns is like functional dependency
among fields. The sorting technique introduced in Section 2.3 can be extended to sort fields. It would
be interesting to see if functional dependency among fields can be used this way to improve compression
beyond the use of column dependency.

The Pzip compressor first separates columns into groups such that each group is amenable to compression
by some preselected conventional compressor. Gzip was the preferred choice for its speed and relatively
good compression performance. Buchbaum et al showed that a variation of computing an optimum column
grouping was MAX-SNP-hard but also presented polynomial time heuristic solutions based on combinatorial
optimization. Even these efficient heuristics might take several minutes or hours of CPU time for tables
with large number of columns, so the column grouping process could only be done off-line for each class
of tables. This approach is vulnerable to degraded performance if columns are changed in some way by
addition, deletion or just rearrangement. Our way of computing the 2-transform is fast enough so that it can
be applied to each table on-line.

The XMILL compressor [13] compresses XML data by grouping related items based on their tags, then
applying specialized compressors based on data types to gain better compression. This approach is a direct
analogue of column grouping in Pzip. That it works means that certain relationships among data with the same
tags are being taken advantage of by the specialized compressors. We have shown that column dependency
can be directly used for compression. A natural question is to see whether dependency among different parts
of XML data can also be directly computed to gain better compression for this class of data.

Pzip, XMILL and our approach exploit special structures in data to expose sources of information redun-
dancy and gain better compression. The RecordLength heuristic in Section 3.1 provides a way to automati-
cally deduce the table structure of a dataset by computing its number of columns. Beyond this, much of real
world data contain mixtures such as multiple tables in the same data file, records with variable lengths, and
semi-structured data such as XML or HTML. But as we pointed out, users of a compression tool may not
always know the nature of the data that they compress. Thus, a question is how to automatically compute
these structures in general data so that proper compression techniques can be applied.

6 Conclusion

We presented a technique to automatically learn the dependency among the columns of a table and use that to
transform data to make it amenable to better compression by more conventional entropy encoding methods.
We also showed how to automatically discover the table nature of a dataset by computing its number of
columns. This enables the new compression technique to be used without requiring users to know anything
about the data. Indeed, we have built this technique into a general purpose compressor [16]. Experiments
based on a variety of table data from diverse applications ranging from biology to telecom and stock quotes
showed that transforming data based on column dependency enabled excellent compression, always several



times smaller than that achievable with well-known conventional compressors such as Bzip2 and Gzip and
up to 48:1 and 100:1 size reduction for some common types of data. Our technique also outperformed
Pzip [5], the only other table compressor known to us. In addition, Pzip required a separate and slow training
phase before compression while ours was usable on-line. Our compression and decompression speeds were
competitive to Bzip2 and Gzip.
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