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One pass distinct sampling

1. Abstract

Oracle recommends collecting object statistics pertaining to the data stored in the tables

regularly. Forpartiti oned tabl es, statistics may be <coll
statisticso) andtaabbei teokpl Tirigdrie bsadtbg the cost-i cs ar e
based-query optimizer to choose an optimal execution plan for a SQL statement. It is therefore

critical for the quality of the execution plan, that object statistics accurately reflect the state of

the database objects. The number of distinct values (NDV) in a column, at table and partition

level is a very critical statistic for the query optimizer.

To determine the NDV, Oracle reads rows from the table and counts NDV for each column by
performing an expensive aggregate operation over them. This aggregate operation involves
sorting or hashing of the input rows, which may require exorbitant amounts of memory and CPU
consumption especially if the table has millions of rows. Oracle tries to minimize the resource
consumption by performing this aggregation on a subset of rows produced by statistically
sampling the data. The statistics calculated from this sample is then scaled up to represent the
entire population. The sample size required for accurately estimating the NDV depends on the
data distribution of the columns.

To get an accurate estimate of NDV, it is often necessary to use different sample sizes for
different tables as well as different columns of the same table. Maintaining statistic with this kind
of strategy is difficult and error prone. Moreover in some cases sampling just does not provide
sufficient accuracy. For partitioned tables an accurate global NDV is also required for queries
spanning more than one partition. Estimation of global NDV requires scanning all the partitions
since global NDV cannot be calculated from partition NDVs. This can be problematic since
partitioned tables generally are very large tables comprising of billions of rows. DBAs have only
two options for such large partitioned/non partitioned tables a) Use a small sample size and run
the risk of getting very inaccurate NDV or b) use a very large sample size and risk consuming
exorbitant amounts of resources.

Oracle 11g implements a new algorithm for calculating NDV, which solves all the above
mentioned problems very effectively. This new algorithm scans the full table once to build a
synopsis per column to calculate column NDV. In case of partitioned tables it builds column
synopses for each partition and stores them in the data dictionary. It then merges these patrtition
synopses to calculate the global NDV for each column. When the data changes, Oracle only re-
gathers the statistics for the changed patrtitions, updates their corresponding synopses and then
derives the table level NDV without touching the unchanged partitions.
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2. Object Statistics

Object statistics for the table and indexes involved in an SQL statement is critical for the Cost
Based query optimizer to arrive at an optimal execution plan. The object statistics include table
statistics such as number of rows in the table (num_rows), number of blocks (blocks), number
of distinct values in each column (num_distinct), high and low value for each column (low_value,
high_value), average column length for each column (avg_col_len) and data distribution of the
column values in form of histograms. It also includes index statistics such as number of leaf
blocks (leaf_blocks), height (blevel), number of distinct keys (distinct_keys) and clustering of the
index relative to the table (clustering_factor). Of all the statistics mentioned above, number of
distinct values for each column (NDV) is probably the most important statistic. NDV, in absence
of histograms?!, is used by the query optimizer to estimate cardinalities at each step of the
execution plan and accurate cardinality estimate at each step in the plan is critical for the
optimizer to choose an optimal plan.

Object statistics ar e donslstats package, thgy are storad iindaa
dictionary tables and exposed via dba_/all /user_ views. Figure 1 shows the query that is used
by dbms_stats to calculate statistics on table t1 with columns nl and n2. It also explains how
each statistic is calculated from selected columns (column aliases in the query are my addition).
The query demonstrates the fact that Oracle reads rows from the table and applies multiple
aggregate functions to calculate different statistical information about the table and its columns.

Or acl

SQL> create tablespace example

datafile /fsO1/oracle/oradata/DIR1/example.dbf' size 31069306880
autoextend on next 8192 maxsize 32767M

logging online permanent blocksize 8192

extent management local

uniform size 1048576 segment space management manual;

OO, WN

Tablespace created.

SQL> create table t1 (n1 number(10,0), n2 varchar2(30))
2 tablespace example nologging;

Table created.

SQL> insert /*+ append */ into t1
2 select object id, object_id from dba_objects;

69840 rows created.
SQL> commit;

Commit complete.
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SQL> begin
2 foriin 1..5000
3 loop
4 insert /*+ append */ into t1 select * from t1;
5 commit;
6 end loop;
7 end;
/

PL/SQL procedure successfully completed.

SQL>exec dbms_stats.gather_table_stats
(ownname=>user,
tabname=>'T1', cascade=>false 2
estimate_percent=>100,
method_opt=>'for all columns size 1Y;

b wiN

PL/SQL procedure successfully completed.

select count(*) nr ,
count(nl) nilnr
count(distinct n1) nindv ,
sum(sys_op_opnsize(nl)) nlsz |,
substrb(dump(min(nl ),16,0,32),1,120) nllow ,
substrb(dump(max(nl ),16,0,32),1, 120) nlhigh,
count(n2) n2nr ,
count(distinct n2) n2ndv
sum(sys_op_opnsize(n2 ) n2sz ,
substrb(dump(min(n2 ),16,0,32),1,120) n2low
substrb(dump(max(n2  ),16,0,32),1, 120) n2high
from t1 t
Statistic Calculation
num_rows Nr
num_nulls (n1,n2) (nr1 nlnr), (nri n2nr)
ndv (n1,n2) ndvnl, ndvn2
high_value (n1,n2) nlhigh, n2high
low_value(nl,n2) nllow, n2log
avg_col _len (n1,n2) ceil(nlsz / nlnr) + 1, ceil(n2sz / n2nr) + 1

Figure 1

1. For keeping the discussion focused, this paper will assume that there is no histogram present on the columns. Calculation
of NDV changes significantly in presence of histograms.

2. Indexes do not play any role in calculation of NDVs except for special sanity checks hard coded into the query optimizer.
With this in mind this paper will assume that there is no index present. Hence this dbms_stats parameter is irrelevant to
the discussion.
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Figure 1a below shows the calculated values (based on formulas in Figure 1) of each statistics
along with the actual values calculated by Oracle (from user_tables, user_tab_col_statistics).
Calculated values are calculated by running the query used by dbms_stats and then using the
guery results in the formulas from Figure 1. The actual values are queried directly from
user_tab_col_statistics after running dbms_stats to gather statistics on table t1. The table tl is
same as the one created in Figure 1. From the output it is quite evident that the formulas above
holds true in this case.

SQL> begin
2 dbms_stats.gather_table_stats (ownname=>user,
8 tabname=>'T1',
4 cascade=>false,
5 estimate_percent=>100,
6 method_opt=>'for all columns size 1'
7 );
8 end;
9/

PL/S QL procedure successfully completed.

SQL>

SQL> drop table t1_estimate_ stats
2/

Table dropped.

SQL>
SQL> create table t1_estimate_ stats as
2 select count(*) nr
3 count(nl) ninr ,
4 count(distinct n1) nlndv ,
5 sum(sys_op_opnsize(nl)) nlsz ,
6 substrb(dump(min(n1),16,0,32),1,120) nllow ,
7 substrb(dump(max(nl),16,0,32),1, 120) nlhigh,
8 count(n2) n2nr
9 count(distinct n2) n2ndv ,
10 sum(sys_op_opnsize(n2)) n2sz ,
11 substrb(dump(min(n2),16,0,32),1,120) n2low |,
12 substrb(dump(max(n2),16,0,32),1, 120) n2high
13 fromtlt
14 /

Table created.

SQL>
SQL> drop table t1_actual_stats
2/

Table dropped.

SQL>
SQL> create table t1_ actual_stats
2 as
3 select num_rows nr,
4 (select num_distinct from user_tab_col_statistics
where table_name='T1' and column_name='N1") n1ndv,
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5 (select num_distinct from user_tab_col_statistics
where table_name="T1' and column_name='N2") n2ndyv,
6 (select num_nulls from user_tab_col_statistics
where table_name="T1' and column_name='N1") n1null,
7 (select num_nulls from user_tab_col_sta tistics
where table_name="T1' and column_name='N2") n2null,
8 (select high_value from user_tab_col_statistics
where table_name="T1' and column_name='N1") nlhigh_value,
9 (select high_value from user_tab_col_statistics
where table_name='T1' and column_name='N2") n2high_value,
10 (select low_value from user_tab_col_statistics
where table_name="T1' and column_name='N1") nllow_value,
11 (sele ctlow_value from user_tab_col_statistics
where table_name="T1' and column_name='N2") n2low_value,
12 (select avg_col_len from user_tab_col_statistics
where table_name='T1' and column_name='N1") nlavg_col_le n,
13 (select avg_col_len from user_tab_col_statistics

where table_name='T1' and column_name="N2") n2avg_col_len
14  from user_tables
15 where table_name="T1'
16 /

Table created.

SQL>
SQL> column name format a20;
SQL> column actual_value format a20;
SQL> column calculated_value format a30;
SQL> select name "name”,
actual "actual_value",
estimate "calculated_value"
from (select 'num_rows' name,
(select to_char(nr) from t1_actual_stats) actual,
(select to_char(nr) from t1_estimate_stats) estimate
from dual
union all
select 'n1_num_distinct' name,
10 (select to_char(nlndv) from t1_actual_stats) actua ,
11 (select to_char(nlndv) from t1_estimate_stats) estimate
12 from dual
13 union all
14 select 'n2_num_distinct' name,

O©CoOoO~NOO UL wWN

15 (select to_char(n2ndv) from t1_actual_stats) actual,

16 (sel ect to_char(n2ndv) from t1_estimate_stats) estimate

17 from dual

18 union all

19 select 'n1_num_nulls' name,

20 (select to_char(nlnull) from t1_actual_stats) actual,

21 (select to_char((nr - nlnr)) from tl_estimate_stats) estimate
22 from dual

23 union all

24 select 'n2_num_nulls' name,

25 (select to_char(n2null) from t1_actual_stats) actual,

26 (select to_char((nr - n2nr)) from t1_estimate_stats) estimate
27 from dual
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28 union all

29 select 'n1_high_value' name,

30 (select rawtohex(nlhigh_value) from t1_actual_stats) actual,
31 (select nlhigh from t1_estimate_stats) estimate
32 from dual

B3] union all

34 select 'n2_high_value' name,

35 (select rawtohex(n2high_value) from t1_actual_stats) actual,
36 (select n2high from t1_estimate_stats) estimate
By from dual

38 union all

39 select 'n1_low_value' name,

40 (select rawtohex(nllow_value) from t1_actual_stats) actual,
41 (select nllow from t1_estimate_stats) estim

42 from dual

43 union all

44 select 'n2_low_value' name,

45 (select rawtohex(n2low_value) from t1_actual_stats) actual,
46 (select n2low from t1_estimate_stats) estimate

47 from dual

48 union all
49 select 'n1_avg_col_len' name,

50 (select to_char(nlavg_col_len) from t1_actual_stats) actual,
51 (select to_char(ceil(n1sz/nlnr)+1) from t1_estimate_stats) estimate
52 from dual
53 union all
54 select 'n2_avg_col_len' name,
59 (select to_char(n2avg_col_len) from t1_actual_stats) actual,
56 (select to_char(ceil(n2sz/n2nr)+1) from t1_estimate_stats) estimate
57 from dual
58
59 /
name actual_value calculated_value
num_rows 285888512 285888512
nl_num_distinct 69797 69797
n2_num_distinct 69797 69797
nl_num_nulls 9877 9877
n2_num_nulls 971 971
nl_high_value C3082507 Typ=2 Len=4: c3,8,25,7
n2_high_value 39393939 Typ=1 Len=4: 39,39,39,39
nl_low_value C102 Typ=2 Len=2: c1,2
n2_low_value 31 Typ=1 Len=1: 31
nl_avg_col_len 5 5
n2_avg_col_len 6 6

11 rows selected.

ate

Figure la

(Empirical verification for the formulas in Eigure 1)
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Of all the aggregate functions in the query used by dbms_stats shown in Figure 1, the
aggregate function (count (distinct ..)) applied to calculate the NDVs is the most expensive
operation, especially when the number of rows in the table is considerably large. This is
because, this operation requires sorting or hashing of all the rows selected. Figure 2 and 3
illustrate this fact by comparing the time taken and the resources consumed by the query used
by dbms_stats, with and without the NDV aggregation. Session statistics and time model
statistics has been shown for both cases.

It is evident from the time model statistics (DB CPU, sql execute elapsed time) that sql with NDV
aggregation takes four times longer. Almost all of the difference in time is because of the CPU
consumption. This CPU consumption cannot be attributed to consistent gets since statistics
fsession logical readsoand fphysical readso are same in both the cases. It is also evident that

the higher CPU consumption is because of sorting 571768832° rows as t he st at i

(rows)o is not present i n ¢ a.dnethisetammegmMe only ihdven
about 68000 distinect val ues i n GROUR @Y1 $§SORT)D
operation over 571768832° rows, consumed only about 5MB of memory for optimal sorting as
shown by value of one for statistc A wor kar ea '« fiutidherénveere many more
distinct values, memory requirement would have gone up significantly, resulting in one-pass or
multi-pass sort. If a multi-pass sort was performed, instead of in memory sort then the elapsed
time would have been significantly higher because of higher 10 activity to temporary tablespace.

As shown in the examples, calculating accurate NDV is a very expensive operation for large
tables. It is so expensive that calculating NDV of large warehouse tables, or an OLTP system
with lots of very large tables, in this manner is impractical. To overcome this problem Oracle
calculates the NDV by performing the aggregation on a subset of rows produced by sampling of
the data. The statistics computed from the sample is then scaled up to represent the entire data
set.

3. 571768832= 2 * number of r (GROUPBY (SORT® toplkelrat i Dme i carri ed
there are two count(distinct) in the query corresponding to two different columns in the table;
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1. SQL without NDV aggregation

SQL> set autotrace traceonly statistics;
SQL> set timing on;
SQL> set echo on;

SQL> select count(*) nro,
2 count(nl) nlnr |,
3 sum(sys_op_o pnsize(nl)) nlsz |,
4 substrb(dump(min(nl),16,0,32),1,120) nllow |,
5 substrb(dump(max(nl),16,0,32),1, 120) nlhigh,
6 count(n2) n2nr
7 sum(sys_op_opnsize(n 2)) n2sz ,
8 substrb(dump(min(n2),16,0,32),1,120) n2low |,
9 substrb(dump(max(n2),16,0,32),1, 120) n2high
10 fromtlt
11 /

Elapsed: 00:04:12.38

Statistics

1 recursive calls
0 db block gets
620118 consistent gets
620011 physical reads
0 redo size
967 bytes sent via SQL*Net to client
420 by tes received via SQL*Net from client
SQL*Net roundtrips to/from client
sorts (memory)
sorts (disk)
rows processed

ROON

Name Value

sgl execute elapsed time 4.02 minutes

DB CPU 2.33 minutes
session logical reads 620118

table scans (long tables) 1

session uga memory 201 MB
session uga memory max 2.01 MB
session pga memory 2.13 MB
session pga memory max 2.13 MB

Figure 2
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2. SQL with NDV Aggregation

SQL> set autotrace traceonly statistics;
SQL> set timing on;

SQL> select count(*) nro,
2 count(nl) nlnr
3 count(distinct nl) nindv ,
4 sum(sys_op_opnsize(nl)) nlsz |,
5 substrb(dump(min(nl),16,0,32),1,120) nllow |,
6 substrb(dump(max(nl),16,0,32),1, 120) nlhigh,
7 count(n2) n2nr
8 count(distinct n2) n2ndv
9 sum(sys_op_opnsize(n2)) n2sz
10 subs trb(dump(min(n2),16,0,32),1,120) n2low ,

11 substrb(dump(max(n2),16,0,32),1, 120) n2high
12 fromtlt

13 /

Elapsed: 00:16:57.25

Statistics

1 recursive calls
0 db block gets

620115 consistent gets

620011 physical reads
0 redo size

1087 bytes sent via SQL*Net to client
420 bytes received via SQL*Net from client

2 SQL*Net roundtrips to/from client
1 sorts (memory)
0 sorts (disk)
1 rows processed

Name Value

sgl execute elapsed time 16.33  minutes

DB CPU 14.25 minutes
table scans (long tables) 1
workarea executions - optimal 1
sorts (rows) 571768832
session logical reads 620118
session uga memory 5.74 MB
session uga memory max 5.74 MB
session  pga memory 5. 05 MB
session pga memory max 5.75 MB
Figure 3
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3. NDV and statistical sampling

As demonstrated in previous section, calculation of NDV over the full table is exorbitantly
expensive for large tables. To overcome this problem, Oracle introduced the concept of
sampling i.e. calculating statistics over a subset of table rows, produced by statistically sampling
the table. The statistics calculated over the sample is then scaled up to represent the whole
table. There are two types of sampling supported by Oracle since version 8i.

a) Row sampling

Row sampling reads rows without regard to their physical placement on disk. This provides the
most random data for estimates, but it can result in reading more data than necessary. For
example, a row sample might select one row from each block, requiring a full scan of the table
or index.

b) Block sampling

Block sampling reads a random sample of blocks and uses all of the rows in those blocks for
estimates. This reduces the amount of 1/O activity for a given sample size, but it can reduce the
randomness of the sample if rows are not randomly distributed on disk. This can affect the
guality of the estimate of number of distinct values.

3.1 Row-Level Bernoulli Sampling (Row sampling)

In row-level Bernoulli sampling with sampling rate p M (0, 1), Oracle performs a Bernoulli trial
with probability for success as p, for each row. Each Bernoulli trial is independent of the other
trials. This means that each row will be included in the sample with probability ) and excluded
from the sample with probability (1 1)), independently of other rows.

Sample size in this case is random but on an average (if we conduct the sampling many times)
the sample size would be 0 1), where U is the number of rows in the table. If we assume that U is
very large compared to rj then using central-limit-theorem it can be shown that the true sampling
rate, that is ratio between the sample size ("Y) and table size () is within + 2¥ of the expected
rate rj with probability close to 95%, where Y= Y((,1) = W(A(1 1/)/0). Following equation
expresses this statement formally.

0N 2 ——— = n+2 —— 0.95 (1)

Figure 4 proves this statement formally. Figure 5 proves it empirically, it displays the output of a
script that calculates a million one percent samples on a table with 65000 rows, and then plots
the sample sizes against their probability of their occurrence. The plot shows that the sample
size is normally distributed with its mean as (| and standard deviation as 0 f)(1 ry), making
the ratio between mean sample size and table size the expected rate 1. Since it is normally
distributed, 95% of all sample sizes is within two standard deviations of the mean value, which
would mean that the true ratio between sample size and table size is within two standard
deviation of the expected rate r). Equation (1) states the same fact in a formal manner.

NDV calculated over the sample is then scaled up assuming that the sample size is 01). But as
seen from the above formulae it is clear that the sample size is in a range around 0 ). If the
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sample size is less than U 1) then after scaling up our estimate of NDV would probably be low
and if the sample size is more than 0 then after scaling up our estimate of NDV would
probably be too high. This stems from the inherent randomness in the sample size under
Bernoulli sampling. This range of error will go down significantly with larger N (number of rows).

The other drawback of row-level Bernoulli sampling is its high 10 cost. For this process each
block of the table is read into the memory, and the Bernoulli trials are applied to each row in
sequence. Therefore the full table needs to be scanned though it is possible that rows from
some of the blocks may not make the sample at all.

Theoretically it is possible to use an index on a not null column to reduce this 10 cost. Suppose,
for example, that there is a B-tree index on at least one not null column of the table to be
sampled. Then we can sample by reading the leaf blocks of the index; a leaf page contains
pointers to a subset of the rows in the table. For each leaf page read, the Bernoulli inclusion test
is performed for each row whose pointer is on the page. If a row is included in the sample, the
page containing the row is fetched from disk. The 1/O cost of this scheme is roughly proportional
to the number of index blocks stored on disk plus the number of blocks that contain an included
row. For low sampling rates this cost will be lower than the 1/O cost of a table scan. An
alternative approach that does not require an index predicts the block of the next row to be
sampled. With a very small sampling percentage, it is possible that the next row to be sampled
is a few blocks away from the current row sampled. The sampling method then skips blocks to
read the next row

Unfortunately in testing it looks like Oracle does not use the index at all but it does use the
second technique, when sampling percent is extremely small, which is rarely the case. It is not
all that unfortunate since it can be shown that for a moderate number of rows per block, even a
small sample size would result in at least on row from each block of the table to be in the
sample. This statement is proven formally in Figure 6 below. In that case using the index would
be a bad idea, especially if the index is not clustered. Moreover if at least one row from each
block of the table is in the sample then, simulating in advance before accessing the block also
will not help decrease the 10 cost.

3.2 Block-Level Bernoulli Sampling (Block sampling)

In Block-level Bernoulli sampling Bernoulli trial is performed over each block instead of each
row. As with row sampling, the probability of a block being included in the sample is 1), and
probability of the block being excluded from the sample is 1 1). All the rows in each block in
the sample are then used to build the row sample. Further processing on this row sample is
same as in the case of the row-level Bernoulli sampling.

Block-level Bernoulli sampling schemes avoid the high I/O costs associated with row-level
sampling. For a sampling rate 1], the 1/0 cost of obtaining a page-level Bernoulli sample is
roughly a fraction r of the cost of a full scan. A careful implementation of page-level sampling
can fully exploit the pre fetching capabilities of the DBMS and minimize both 1/O and CPU costs.
But sampling at block level does result in inherent statistical imprecision in different statistics
especially NDV*. This is further explored in detail

4.  The main focus of this paper is number of distinct values (NDV). From here on this paper will only focus on NDV and
ignore the other statistics such as num_rows and num_nulls. Estimation of other statistics is generally straight forward
anyway.
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SQL> create tablespace example datafile
0/fsO1/oracle/oradata/DIR1/example01.dbf 06 size 31069306880
autoextend on next 8192 maxsize 32767M
logging online permanent blocksize 8192
extent management local uniform size 1048576
segment space management manual;

O wN

Tablespace created

SQL> drop table t99
2 |/

Table dropped.
SQL> create table t99 tablespace example
2 as
3 select doms_random.normal
4 from dba_obje cts
5/
Table created.

SQL> drop table t99 count
2 |/

Table dropped.

SQL> create table t99 count (cnt number)
2 |/

Table created.
SQL> -- Run the sampling a million times and store the sample

-- size in a table
SQL> declare

2 type t_tab IS TABLE OF t99_count%rowtype;
3 | tab t tab:=t tab();

4 Dbegin

5 foriin1..1000000

6 loop

7 |_tab.extend;

8 select count(*)

9 into |_tab(l_tab.last).cnt

10 from t99 sample(1);
11 if ( mod(i,1000) =0)
12 then
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One pass distinct sampling

13 for jin|_tab.first .. |_tab.last

14 loop

15 insert into t99_count (cnt) values ( |_tab(j).cnt );
16 end loop;

17 commit;

18 | tab:=t tab();

19 end if;

20 end loop;

21 end;

22 /

PL/SQL procedure successfully completed.

--  Query the sample size and th ei r probabilities to be plotted below
select val sample_size
cnt/total_cnt probability
from (select cnt val,
count(*) over (partition by cnt) cnt,
row_number() over (partition by cnt order by rowid) rn,
count(*) over() total_cnt
from t99 count
)
wherern =1
2 3 45 6 7 8 9 10
SQL>/

Sample_size Probability

582 0.000001
584 0.000003
586 0.000001
696 0.015499
697 0.014995
698 0.015292
814 0.000004
815 0.000002
820 0.000001

226 rows selected.
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Figure 5

(Empirical proof for equation (1))

Amit Poddar 2008 Page 16




One pass distinct sampling

N = "GH AR GBR ¢ (0,1)
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It is assumed that every block is read only once. This is a valid assumption when reading the
table using a full table scan.
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Plotting the above equation for m=10,15,20,30,50,100 it is evident that for moderate sized m,
even for a small sample rate, there is one row from almost each block in the sample. So for
most of the practical systems it is quite safe to assume that row level sampling would end up
reading the full table.
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Figure 6
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One pass distinct sampling

3.3 Estimating table level NDV from sample

The previous sections discussed how Oracle builds a sample of table rows to avoid performing
aggregations over the full table. Oracle calculates the table statistics over this sample and then
scales it up to represent the full table. Figure 7 below shows the query used by Oracle to
calculate sample statistics. This section looks at the details of how this scale up is done for NDV
since NDV is the sole focus of this paper. Moreover the scale up for other statistics is quite
straight forward and intuitive.

From my detailed testing and exhaustive verification it seems that the relation between NDV
from the sample and the final NDV stored in dba_tab_col_statistics by dbms_stats, which
represents the NDV at table level, is very close to the following equation. The following equation
is obtained by simplifying a general equation by assuming uniform distribution of data for the
particular column i.e. each distinct value has same cardinality.

0, = 06a (Zﬂ A E0I 0N ‘QOCNCE 06 & Necosoam
Ug = 0066 £"00050w Lao'A "@i MDA & (b 00K XWODE > dgi- 00 )
U = 6oaaf) €A £01 "R O ci HEQ'RT SMEA £ (i cir NAQI "AQ
Oq = 004 Q) £"AOW LA " T (i NER
. O
" " Ui To
Ug = Ug 1 1 +— (2)
Ui
The above terms will be clearer below when these are shown in the context of the query used
by dbms_stats to gather statistics for table t1 with columns nl1 and n2. The following will also
show how each value is obtained from the results of the query.

select count(*) nro,
count(nl) ninr
count(distinct n1) nindv ,
sum(sys_op_opnsize(nl)) nisz |,

substrb(dump(  min(n1),16,0,32),1,120) nllow |,
substrb(dump(max(nl),16,0,32),1, 120) nlhigh,

count(n2) n2nr
count(distinct n2) n2ndv
sum(sys_op_opnsize(n2)) n2sz ,

substrb(dump(min(n2),16,0,32),1,120) n2low |,
substrb(dump(max(n2),16,0,32),1, 120) n2high
fromtl  sample ( 1.0000000) t

For Column n1;

Og, nindv

0; ninr

Estimate Percent (e) 1.0000000

0, O; *(100/e)

Ug Calculated using equation(2)
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For Column n2:

Oq n2ndv

0; n2nr

Estimate Percent (e) 1.0000000

0, O; *(100/e)

Og Calculated using equation(2)

For testing this formula empirically, five sets of numeric data in a table of 1000,000 rows is

created. First three of the data sets will each have 50,000 distinct values and 20 rows for each

value, but the distribution of these distinct values across the rows is different in each set. First

data set is scattered very evenly throughout the table. Second data set is clustered very tightly.

Third data set uses dbms_random package to scatter the values uniformly Fourth data set is
generated fr oinb ithnioomaflu nddtsitandé avail able i n dbms
fourth data set is normally distributed. Fifth data set uses the Qa i i ¢&'CE& .££€1 & chiprocedure

to generate an approximate lognormal distribution. To make the example complete and more

realistic 2000 null values are inserted into each column.

create table t101
as
with milli_row as (
select /*+ materialize */
rownum
from all_objects
where rownum <= 1000

select mod(rownum -1, 50000) scattered,
trunc((rownum - 1)/20) clustered,
trunc(dbms_random.value(0,50000))  uniform,
trunc(7000 * dbms_random.normal) normal,

trunc(7000 * exp(dbms_rand om.normal)) lognormal
from
milli_row m1,
milli_row m2
where

rownum <= 1000000

insert into t101
select null,null,null,null,null
from all_objects where rownum < 2000

This distribution of data in all five columns is displayed as a histogram in Figure 8 below. To run
the test, code in Figure 9 is run. This code first creates tables to hold the results of the test. It
then runs the procedure 0UQ "@H 0 ‘Ow twice, first for row sampling and then for block sampling.
The source code of this procedure is in the resources zip file.
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SQL> -- Row level Bernoulli sampling example
sSQL>
SQL> begin
2 dbms_stats.gather_table_stats (ownname=>user,
3 tabname=>'T1',
4 cascade=>false,
5 estimate_percent=>1 ,
6 method_opt=>'for all columns size 1'
7 );
8 end;
9/

PL/SQL procedure successfully completed.

select count(*), count("N1"), count(distinct "N1"),

sum(sys_op_opnsize("N1")),

sub strb(dump(min(*N1"),16,0,32),1,120),
substrb(dump(max("N1"),16,0,32),1,120),
count("N2"), count(distinct "N2"),
sum(sys_op_opnsize("N2"),
substrb(dump(min("N2"),16,0,32),1,120),
substrb(dump(max("N2"),16,0,32),1,120)

from "AP349"."T1" sample ( 1.0000000000) t
SQL> -- Block level Bernoulli sampling example
SQL>
SQL> begin
2 dbms_stats.gather_table_stats (ownname=>user,
3 tabname=>'T1',
4 cascade=>false,
5 estimate_percent=>1 ,
6 block_sample => true ,
7 method_opt=>'for all columns size 1'
8 );
9 end,;
10 /
PL/SQL procedure successfully completed.
select count(*), count("N1"), count(distinct "N1"),

sum(sys_op_opnsize("N1")),
substrb(dump(min("N1"),16,0,32),1,120),
substrb(dump(max("N1"),16,0,32),1,120),

count("N2"), count(distinct "N2"),
sum(sys_op_opnsize("N2"),
substrb(dump(min("N2"),16,0,32),1,120),
substrb(dump(max("N2"),16,0,32),1,120)

from "AP349"."T1" sample block ( 1.0000000000) t

Figure 7
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SQL> create table results_table
2 (table_name varchar2(30),
3 column_name varchar2(30),
4 estimate percent number(10,0),
5 nr number(10,0),
6 ns number(10,0),
7 nd number(10,0),
8 cnd number(10,0),
9 rnd number(10,0),
10 error_nd_calculation number(20,10),
11 edv number(10,0)
12 )
13 /

Table created.

SQL> create table results_table _block
(table_name varchar2(30),
column_  name varchar2(30),
estimate_percent number(10,0),
nr number(10,0),
ns number(10,0),
nd number(10,0),
cnd number(10,0),
rnd number(10,0),
error_nd_calculation number(20,10),
11 edv number(10,0)
12 )
13/

=
Qoo ~NouThwN

Table created.

SQL>
SQL> set echo off

Procedure created.

SQL> exec verify NDV('T101"; [* Test for Row sampling */

PL/SQL procedure successfully completed

SQL> exec verify NDV('T101' ,true );  /* Test for Block sampling */

PL/SQL procedure successfully completed

Figure 9
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