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Figure 1: OctopusDB Architecture

interface (API) to interact with the overall system. Internally, Oc-
topusDB passes all inputs from the user to the primary log store
and retrieves results to user queries from storage view store.

5.2 Storage Views
OctopusDB departs from existing database systems by not hav-

ing any fixed hard coded store e.g. row store, column store by de-
fault. Instead, OctopusDB records all database operations to a se-
quential log, called primary log, by creating appropriate logical log
records. Each log entry contains a unique log sequence number,
the database operation performed and the input parameters. Octo-
pusDB stores the primary log persistently on durable storage (hard
disk or SSD) following the write-ahead logging (WAL) protocol.
It later creates arbitrary physical representations of the log, called
Storage Views (SVs), depending on the workload. For instance,
OctopusDB can create Row SV for transactional queries, Column
SV for read-only queries. Additionally, it can create different (or
same) SVs for different partitions of the data e.g. hot and cold data.
Further, OctopusDB can create Index SVs or any other materialized
views on any subset (or full) data. Finally, OctopusDB considers
the primary log as just another SV, a Log SV, and can even decide to
do away with it e.g. to emulate a streaming system. Thus, by having
a completely flexible storage layer, in the form of SVs, OctopusDB
addresses the research challenge of having different storage layouts
under a single umbrella and has two advantages: (1) It can mimic
OLTP, OLAP, Streaming Systems as well as several other types of
database systems, (2) It dramatically improves the overall perfor-
mance by morphing into any hybrid combination of these systems.

5.3 Storage View Selection
OctopusDB provides a system interface for users to insert, up-

date and query data. Internally, it automatically figures out which
SVs to create, maintain and iterate for the user queries. The user is
not overwhelmed with the low levels decisions. The goal, therefore,
is to come up with the most suitable SVs for the given database
operations, while keeping the user agnostic to the internal data rep-
resentation at the same time. Thus, the concept of Storage Views in
OctopusDB reduces database tuning to a single optimization prob-
lem: storage view selection. More specifically, by automatically
deciding upon the right storage views to create, OctopusDB ad-
dresses the research problem of having a automatic “adaptive bi-
furcation” instead of administered “eventual integration”.

5.4 Holistic Storage View Optimizer
Since OctopusDB has a single optimization problem, as de-

scribed above, it has a single Holistic Storage View Optimizer to
deal with it. In general, each class of SV may implement its own
access algorithms optimized for the particular storage structure.
For instance, a Row SV may use row-wise compression and row-

oriented iteration, e.g. [13]. In contrast, a Col SV may implement
column-oriented compression and vectorized iteration [3]. Outside
those SVs OctopusDB’s holistic storage view optimizer then im-
plements any appropriate techniques to:

(1.) speed-up query processing, i.e. pick the most promising phys-
ical execution plan to compute a query;
(2.) apply updates to any SV in the SV store, i.e. pick the best
update method like a batch-oriented differential update or log-
structured merge-trees;
(3.) decide on the SVs to create and keep in the SV store,
i.e. whether to materialize a new SV or drop an existing one;
(4.) combine results spanning several SVs, e.g. to join data from a
row, a column store, and a streaming window.

The holistic SV optimizer is responsible for maintaining the pri-
mary SV (the log) and to create and maintain further secondary
SVs. To do this, the optimizer uses a scan (index and full table)
and update cost model to decide upon the appropriate SVs to create
and subsequently maintain. Additionally, the optimizer uses a SV
transformation cost model to decide whether to transform one SV
into another. Finally, the optimizer is also responsible for deciding
whether to drop a SV altogether. In this way, the holistic SV op-
timizer manages a storage view lattice, depending on the use-case
and the workload, within the Storage View Store of the OctopusDB.
For example, consider a travel database. The optimizer may create
a Column Storage View for customer data, and a Row and Index
Storage Views on ticket data. It can later archive tickets before a
specified date into a Column Storage View. Given such a SV lat-
tice, the optimizer speeds-up query processing by picking the most
appropriate input Storage Views for a given query. Thus, the holis-
tic SV optimizer in OctopusDB decides on the research problem of
simplicity vs optimization.

6. PRELIMINARY RESULTS
In this section we provide the simulation insight and the

experiment evidence of our approach in OctopusDB. But first we
describe the use-case scenario used in our analysis below.

Use-Case Scenario. Consider a flight-booking system with a ta-
ble TICKETS containing data on flight tickets; CUSTOMERS con-
taining data on customer. Queries select tickets using predicates
on different attribute subsets of TICKETS. For all selected tickets
we retrieve all attribute values of matching customers. We assume
that TICKETS is frequently updated. Thus, index maintenance on
TICKETS is too expensive. This is a real-world example as pro-
posed in [26]. This scenario calls for having a column layout on
TICKETS and a row layout on CUSTOMERS. However, this flexi-
ble layout is not supported by current DBMSs. The update rate also
precludes using fractured mirrors.

6.1 Simulation Insight

6.1.1 Flexible Layout
In this simulation we evaluate the scan costs for Row, Column,

Indexed Row, and Indexed Column layouts over queries with
varying selectivity and number of referenced attributes. The idea
is to show that a single layout may not be suitable for the entire
selectivity-referenced attributes space.

Setup. We use a simple cost model to estimate the random
and sequential I/O costs for Row and Column layouts. Index
scans incur an extra B+-Tree index lookup cost followed by the
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Figure 1: plan space picasso-style diagram for one table, N=100,000, number of attributes=40; x axis: varying selectivity from 0.0
to 1.0; y-axis: varying number of referenced attributes r; color depicts best plan; ”red”=col scan, ”orange”=row scan, ”yellow”=col
index scan, ”green”=row index scan; above: box filling area displays expected execution costs of best plan compared to most expensive
best plan for all parameters, min costs=0.005, max costs=0.16; below: color and number displays overhead of worst plan over best
plan in percentage; maximum overhead for picking wrong plan=4,950% for sel = 0.0 and r = 20 LABEL AXES ACTUALLY THIS
IS A BETTER VISUALIZATION THAN IN THE ORIGINAL PICASSO PAPER: THEY NEEDED 3D TO SHOW COSTS; THE
DID NOT COMPARE PLANS IN THE SPACE; WE COULD SELL THIS AS A LITTLE CONTRIBUTION

are: Step 1: Construct Attribute Affinity Matrix from Attribute
Usage Matrix. Step 2: Construct Affinity Graph corresponding
to Attribute Affinity Matrix. Step 3: Form a linearly connected

spanning tree and generate all meaningful fragments in one
iteration by considering a cycle as a fragment. O(n2) algorithm.
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Figure 1: plan space picasso-style diagram for one table, N=100,000, number of attributes=40; x axis: varying selectivity from 0.0
to 1.0; y-axis: varying number of referenced attributes r; color depicts best plan; ”red”=col scan, ”orange”=row scan, ”yellow”=col
index scan, ”green”=row index scan; above: box filling area displays expected execution costs of best plan compared to most expensive
best plan for all parameters, min costs=0.005, max costs=0.16; below: color and number displays overhead of worst plan over best
plan in percentage; maximum overhead for picking wrong plan=4,950% for sel = 0.0 and r = 20 LABEL AXES ACTUALLY THIS
IS A BETTER VISUALIZATION THAN IN THE ORIGINAL PICASSO PAPER: THEY NEEDED 3D TO SHOW COSTS; THE
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are: Step 1: Construct Attribute Affinity Matrix from Attribute
Usage Matrix. Step 2: Construct Affinity Graph corresponding
to Attribute Affinity Matrix. Step 3: Form a linearly connected

spanning tree and generate all meaningful fragments in one
iteration by considering a cycle as a fragment. O(n2) algorithm.
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Figure 5: Workload costs for different systems

SVs compared to unindexed ones.

6.2 Outperforming Traditional Systems

The goal of this simulation is to compare OctopusDB with sev-
eral existing database systems. We consider Row Store, Column
Store, Index Row Store, Indexed Column Store, Fractured Mirrors
and Indexed Fractured Mirrors to compare with OctopusDB. The
workload consists of equal number of scan and update queries on
Tickets and Customers relations in the Running Example. Table 7
in Appendix E shows the workload parameters. Figure 5 shows
the overall performance of different systems in terms of the overall
workload time. We can see from the figure that OctopusDB outper-
forms traditional database system by a factor of up to 5. Further, we
break down the workload time into query and update costs. We ob-
serve that OctopusDB outperforms all other systems in terms of up-
date costs while only Indexed Fractured Mirrors match OctopusDB
in terms of query costs. Indexed Fractured Mirrors, however, has
prohibitive update costs.

The reason for better performance of OctopusDB compared to
traditional systems is the flexible SV management in OctopusDB
depending upon the workload. The Tickets and Customers relations
in the above workload are marked in Figures 4(a) and4(b) for the
scan and update queries respectively. From the figures, we observe
that a column SV on Tickets and an Indexed Row SV on Customers
provide the cheapest costs. Such a SV configuration is impossible
to achieve in a conventional database system, whereas OctopusDB
can easily cope with it by creating the appropriate SVs.

6.3 Automatic Adaption

In this experiment we show how OctopusDB may automatically
adapt SVs to a query response time requirement. We assume that
the user specified that workload should not take longer than 0.1 sec.
System and Setup. Our current prototype of OctopusDB is imple-
mented in Java 1.6. All experiments were executed on a medium-
sized computing node. We used a single Intel Xeon Quadcore,
2.66Ghz (E5430) with 16GB of main memory. The operating sys-
tem was Linux 2.6.27.7-9-xen. In order to have a realistic scenario,
we assumed all data and storage views to fit into main memory.
Note again, that OctopusDB is not limited to main memory scenar-
ios but could also be run as an external memory system. We use
Tickets and Customers records having 20 attributes each for our
experiment. For each measurement, the workload contains a batch
of 40 randomly picked scan and update queries in the ratio 1:3. We
pick the search attribute for scan queries using zipfian distribution
with a skewness factor of 4; scan queries have a selectivity of 0.01.
Experiment. We configured OctopusDB to use Log SV only and
gradually increase the number of log records. We monitor a win-
dow of 5 latest measurements and take the average. If the aver-
age is above 0.1sec, we switch to a more efficient SV. Figure 6
shows the results. We observe that for up to 33,000 log records,
the requirement is met by Log SV. Then, OctopusDB switches to
Bag-partitioned Log SVs for Tickets and Customers relations. This
works fine until 76,000 log records. Here, OctopusDB switches
Tickets Log SV to Key-Consolidated Log SV. Again at 103,000
log records OctopusDB Key-Consolidates the Customer Log SV.
This works fine until 127,000 log records where we switch Tick-
ets to Column SV. At 200,000 log records, we switch Customers to
Row SV. Finally, we switch Tickets and Customers to Indexed SVs
at 206,000 and 211,000 log records respectively.

This experiment demonstrates that through a wide range of
database sizes, scan-based methods, be it a log, a partitioned log, a
key-consolidated log, a row store, or a column store may be enough
to serve a workload. Only for larger database sizes we have to use
indexing. Note that Indexed SV may also be used to create indexes
only on a subset of attributes. This is useful if some attributes are
queried more often than others.

7. CONCLUSION

This paper has proposed a unified database architecture for
OLTP, OLAP, streaming databases, as well as several other types
of databases (see Table 5 in Appendix A.4 for an overview of use-
cases). The primary storage structure of OctopusDBs is a logical
log. All other storage structures are just secondary storage views
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are: Step 1: Construct Attribute Affinity Matrix from Attribute
Usage Matrix. Step 2: Construct Affinity Graph corresponding
to Attribute Affinity Matrix. Step 3: Form a linearly connected

spanning tree and generate all meaningful fragments in one
iteration by considering a cycle as a fragment. O(n2) algorithm.
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980 881 798 728 669 617 572 532 497 465 436 411 387 366 347 329 320 318 315 313 310 308 306 303 301 299 297 294 292 290 288 286 284 282 280 279 279 279 279 279 279

980 881 798 728 669 617 572 532 497 465 436 411 387 366 347 329 312 297 282 269 257 245 234 224 215 209 207 205 203 202 200 198 197 195 193 193 193 193 193 193 193

980 881 798 728 669 617 572 532 497 465 436 411 387 366 347 329 312 297 282 269 257 245 234 224 215 206 197 189 181 174 167 161 155 149 143 139 139 139 139 139 139

980 881 798 728 669 617 572 532 497 465 436 411 387 366 347 329 312 297 282 269 257 245 234 224 215 206 197 189 181 174 167 161 155 149 143 138 132 127 123 118 1145
980 881 798 728 669 617 572 532 497 465 436 411 387 366 347 329 312 297 282 269 257 245 234 224 215 206 197 189 181 174 167 161 155 149 143 138 132 127 123 118 114
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980 881 798 728 669 617 572 532 497 465 436 411 387 366 347 329 312 297 282 269 257 245 234 224 215 206 197 189 181 174 167 161 155 149 143 138 132 127 123 118 11410
980 881 798 728 669 617 572 532 497 465 436 411 387 366 347 329 312 297 282 269 257 245 234 224 215 206 197 189 181 174 167 161 155 149 143 138 132 127 123 118 114

1024 921 835 762 700 646 599 557 521 488 458 431 407 385 365 346 329 313 298 284 271 259 248 237 227 218 209 201 193 185 178 171 165 159 153 148 144 140 137 133 130

1024 921 835 762 700 646 599 557 521 488 458 431 407 385 365 346 329 313 298 284 271 259 248 237 227 218 209 201 193 185 178 171 165 159 153 148 144 140 137 133 130

1108 997 904 826 759 702 651 607 567 532 500 471 445 421 399 379 361 344 328 313 299 286 274 263 252 242 232 223 215 207 199 192 185 178 172 166 162 158 154 150 147

1192 1073 974 891 819 757 703 656 613 576 542 511 483 457 434 413 393 374 357 341 327 313 300 288 276 266 255 246 237 228 220 212 204 197 191 185 180 176 172 168 16415
1276 1149 1044 955 879 813 755 705 660 619 583 551 521 494 469 446 425 405 387 370 354 340 326 313 301 289 278 268 258 249 240 232 224 217 209 204 199 194 190 185 181

1360 1225 1114 1019 939 869 808 754 706 663 625 590 559 530 503 479 457 436 417 399 382 367 352 338 325 313 301 291 280 270 261 252 244 236 228 222 217 212 207 203 198

1443 1302 1183 1084 998 924 860 803 752 707 667 630 596 566 538 512 489 467 446 428 410 393 378 363 350 337 325 313 302 292 282 273 264 255 247 241 235 230 225 220 215

1527 1378 1253 1148 1058 980 912 852 799 751 708 670 634 602 573 546 521 498 476 456 438 420 404 388 374 360 348 335 324 313 303 293 283 275 266 259 253 248 242 237 233

1611 1454 1323 1212 1118 1036 964 901 845 795 750 709 672 638 607 579 553 528 506 485 465 447 430 414 399 384 371 358 346 334 323 313 303 294 285 278 271 266 260 255 25020
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Figure 1: plan space picasso-style diagram for one table, N=100,000, number of attributes=40; x axis: varying selectivity from 0.0
to 1.0; y-axis: varying number of referenced attributes r; color depicts best plan; ”red”=col scan, ”orange”=row scan, ”yellow”=col
index scan, ”green”=row index scan; above: box filling area displays expected execution costs of best plan compared to most expensive
best plan for all parameters, min costs=0.005, max costs=0.16; below: color and number displays overhead of worst plan over best
plan in percentage; maximum overhead for picking wrong plan=4,950% for sel = 0.0 and r = 20 LABEL AXES ACTUALLY THIS
IS A BETTER VISUALIZATION THAN IN THE ORIGINAL PICASSO PAPER: THEY NEEDED 3D TO SHOW COSTS; THE
DID NOT COMPARE PLANS IN THE SPACE; WE COULD SELL THIS AS A LITTLE CONTRIBUTION

are: Step 1: Construct Attribute Affinity Matrix from Attribute
Usage Matrix. Step 2: Construct Affinity Graph corresponding
to Attribute Affinity Matrix. Step 3: Form a linearly connected

spanning tree and generate all meaningful fragments in one
iteration by considering a cycle as a fragment. O(n2) algorithm.
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Figure 4: Query and Update Costs over varying Workload
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Figure 5: Workload costs for different systems

SVs compared to unindexed ones.

6.2 Outperforming Traditional Systems

The goal of this simulation is to compare OctopusDB with sev-
eral existing database systems. We consider Row Store, Column
Store, Index Row Store, Indexed Column Store, Fractured Mirrors
and Indexed Fractured Mirrors to compare with OctopusDB. The
workload consists of equal number of scan and update queries on
Tickets and Customers relations in the Running Example. Table 7
in Appendix E shows the workload parameters. Figure 5 shows
the overall performance of different systems in terms of the overall
workload time. We can see from the figure that OctopusDB outper-
forms traditional database system by a factor of up to 5. Further, we
break down the workload time into query and update costs. We ob-
serve that OctopusDB outperforms all other systems in terms of up-
date costs while only Indexed Fractured Mirrors match OctopusDB
in terms of query costs. Indexed Fractured Mirrors, however, has
prohibitive update costs.

The reason for better performance of OctopusDB compared to
traditional systems is the flexible SV management in OctopusDB
depending upon the workload. The Tickets and Customers relations
in the above workload are marked in Figures 4(a) and4(b) for the
scan and update queries respectively. From the figures, we observe
that a column SV on Tickets and an Indexed Row SV on Customers
provide the cheapest costs. Such a SV configuration is impossible
to achieve in a conventional database system, whereas OctopusDB
can easily cope with it by creating the appropriate SVs.

6.3 Automatic Adaption

In this experiment we show how OctopusDB may automatically
adapt SVs to a query response time requirement. We assume that
the user specified that workload should not take longer than 0.1 sec.
System and Setup. Our current prototype of OctopusDB is imple-
mented in Java 1.6. All experiments were executed on a medium-
sized computing node. We used a single Intel Xeon Quadcore,
2.66Ghz (E5430) with 16GB of main memory. The operating sys-
tem was Linux 2.6.27.7-9-xen. In order to have a realistic scenario,
we assumed all data and storage views to fit into main memory.
Note again, that OctopusDB is not limited to main memory scenar-
ios but could also be run as an external memory system. We use
Tickets and Customers records having 20 attributes each for our
experiment. For each measurement, the workload contains a batch
of 40 randomly picked scan and update queries in the ratio 1:3. We
pick the search attribute for scan queries using zipfian distribution
with a skewness factor of 4; scan queries have a selectivity of 0.01.
Experiment. We configured OctopusDB to use Log SV only and
gradually increase the number of log records. We monitor a win-
dow of 5 latest measurements and take the average. If the aver-
age is above 0.1sec, we switch to a more efficient SV. Figure 6
shows the results. We observe that for up to 33,000 log records,
the requirement is met by Log SV. Then, OctopusDB switches to
Bag-partitioned Log SVs for Tickets and Customers relations. This
works fine until 76,000 log records. Here, OctopusDB switches
Tickets Log SV to Key-Consolidated Log SV. Again at 103,000
log records OctopusDB Key-Consolidates the Customer Log SV.
This works fine until 127,000 log records where we switch Tick-
ets to Column SV. At 200,000 log records, we switch Customers to
Row SV. Finally, we switch Tickets and Customers to Indexed SVs
at 206,000 and 211,000 log records respectively.

This experiment demonstrates that through a wide range of
database sizes, scan-based methods, be it a log, a partitioned log, a
key-consolidated log, a row store, or a column store may be enough
to serve a workload. Only for larger database sizes we have to use
indexing. Note that Indexed SV may also be used to create indexes
only on a subset of attributes. This is useful if some attributes are
queried more often than others.

7. CONCLUSION

This paper has proposed a unified database architecture for
OLTP, OLAP, streaming databases, as well as several other types
of databases (see Table 5 in Appendix A.4 for an overview of use-
cases). The primary storage structure of OctopusDBs is a logical
log. All other storage structures are just secondary storage views
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950 738 659 645 632 619 607 595 584 573 562 551 541 531 524 524 524 524 524 524 524 524 524 524 524 524 524 524 524 524 524 524 524 524 524 524 524 524 533 548 563

950 738 596 496 477 466 454 443 433 423 413 404 395 386 377 369 361 354 346 339 332 326 319 316 316 316 316 316 316 316 316 316 316 316 316 316 316 316 322 332 342

950 738 596 496 421 366 356 346 336 327 319 310 302 295 287 280 273 267 260 254 248 242 237 231 226 221 216 212 212 212 212 212 212 212 212 212 212 212 217 224 232

950 738 596 496 421 362 316 278 270 262 254 246 239 232 226 220 214 208 202 197 191 186 182 177 172 168 164 159 155 152 150 150 150 150 150 150 150 150 153 159 165

950 738 596 496 421 362 316 278 246 219 206 200 193 187 181 176 170 165 160 155 151 146 142 138 134 130 126 122 119 115 112 109 108 108 108 108 108 108 111 116 1215
950 738 596 496 421 362 316 278 246 219 197 177 159 153 147 142 137 133 128 124 120 116 112 108 105 101 98 94 91 88 85 82 80 78 78 78 78 78 81 85 90

950 738 596 496 421 362 316 278 246 219 197 177 159 144 130 118 112 108 103 99 96 92 89 85 82 79 76 73 70 67 65 62 59 57 56 56 56 56 58 62 66

950 738 596 496 421 362 316 278 246 219 197 177 159 144 130 118 107 97 88 80 76 73 70 67 64 61 58 55 53 50 48 46 43 41 39 39 39 39 41 44 47

950 738 596 496 421 362 316 278 246 219 197 177 159 144 130 118 107 97 88 80 73 66 59 53 49 46 44 41 39 37 34 32 30 28 26 25 25 25 27 30 33

950 738 596 496 421 362 316 278 246 219 197 177 159 144 130 118 107 97 88 80 73 66 59 53 48 43 38 34 29 25 23 21 19 17 16 14 13 13 15 18 2110
950 738 596 496 421 362 316 278 246 219 197 177 159 144 130 118 107 97 88 80 73 66 59 53 48 43 38 34 29 25 22 18 15 12 9 6 4 4 6 8 11

994 773 626 521 443 382 333 294 261 233 209 188 170 154 140 127 116 106 96 88 80 73 66 60 54 49 44 39 35 31 27 23 20 17 13 11 8 7 7 9 11

994 773 626 521 443 382 333 294 261 233 209 188 170 154 140 127 116 106 96 88 80 73 66 60 54 49 44 39 35 31 27 23 20 17 13 11 8 7 7 9 11

1079 840 681 569 484 419 367 324 288 258 233 210 191 174 158 145 133 121 111 102 94 86 79 72 66 60 55 50 45 41 37 33 29 26 22 19 16 15 15 17 19

1163 907 737 616 526 456 400 354 316 284 256 233 212 193 177 162 149 137 126 117 108 99 92 84 78 72 66 61 56 51 46 42 38 34 31 28 24 22 23 25 2715
1247 974 793 664 568 493 433 385 344 310 280 255 232 213 195 180 166 153 142 131 121 112 104 97 90 83 77 71 66 61 56 52 47 43 40 36 33 30 31 33 35

1331 1041 849 712 610 530 467 415 372 335 304 277 253 232 214 197 182 169 157 145 135 126 117 109 101 95 88 82 76 71 66 61 57 52 48 45 41 38 38 41 43

1415 1108 905 760 651 567 500 445 399 361 328 299 274 252 232 215 199 185 172 160 149 139 130 121 113 106 99 93 87 81 76 71 66 61 57 53 49 46 46 48 51

1500 1175 960 807 693 604 533 475 427 386 352 321 295 272 251 232 216 201 187 174 163 152 143 134 125 117 110 103 97 91 85 80 75 70 66 62 58 54 54 56 59

1584 1243 1016 855 735 641 567 506 455 412 375 343 316 291 269 250 232 216 202 189 177 166 155 146 137 129 121 114 107 101 95 90 84 79 75 70 66 62 62 64 6720

0.0 0.13 0.25 0.38 0.5 0.63 0.75 0.88 1.0

Figure 1: plan space picasso-style diagram for one table, N=100,000, number of attributes=40; x axis: varying selectivity from 0.0
to 1.0; y-axis: varying number of referenced attributes r; color depicts best plan; ”red”=col scan, ”orange”=row scan, ”yellow”=col
index scan, ”green”=row index scan; above: box filling area displays expected execution costs of best plan compared to most expensive
best plan for all parameters, min costs=0.005, max costs=0.16; below: color and number displays overhead of worst plan over best
plan in percentage; maximum overhead for picking wrong plan=4,950% for sel = 0.0 and r = 20 LABEL AXES ACTUALLY THIS
IS A BETTER VISUALIZATION THAN IN THE ORIGINAL PICASSO PAPER: THEY NEEDED 3D TO SHOW COSTS; THE
DID NOT COMPARE PLANS IN THE SPACE; WE COULD SELL THIS AS A LITTLE CONTRIBUTION

are: Step 1: Construct Attribute Affinity Matrix from Attribute
Usage Matrix. Step 2: Construct Affinity Graph corresponding
to Attribute Affinity Matrix. Step 3: Form a linearly connected

spanning tree and generate all meaningful fragments in one
iteration by considering a cycle as a fragment. O(n2) algorithm.
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980 881 798 728 669 617 572 532 519 515 512 508 505 501 498 495 491 488 485 482 479 475 472 469 466 463 460 457 454 452 449 446 443 440 438 437 437 437 437 437 437
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Figure 1: plan space picasso-style diagram for one table, N=100,000, number of attributes=40; x axis: varying selectivity from 0.0
to 1.0; y-axis: varying number of referenced attributes r; color depicts best plan; ”red”=col scan, ”orange”=row scan, ”yellow”=col
index scan, ”green”=row index scan; above: box filling area displays expected execution costs of best plan compared to most expensive
best plan for all parameters, min costs=0.005, max costs=0.16; below: color and number displays overhead of worst plan over best
plan in percentage; maximum overhead for picking wrong plan=4,950% for sel = 0.0 and r = 20 LABEL AXES ACTUALLY THIS
IS A BETTER VISUALIZATION THAN IN THE ORIGINAL PICASSO PAPER: THEY NEEDED 3D TO SHOW COSTS; THE
DID NOT COMPARE PLANS IN THE SPACE; WE COULD SELL THIS AS A LITTLE CONTRIBUTION

are: Step 1: Construct Attribute Affinity Matrix from Attribute
Usage Matrix. Step 2: Construct Affinity Graph corresponding
to Attribute Affinity Matrix. Step 3: Form a linearly connected

spanning tree and generate all meaningful fragments in one
iteration by considering a cycle as a fragment. O(n2) algorithm.
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Figure 5: Workload costs for different systems

SVs compared to unindexed ones.

6.2 Outperforming Traditional Systems

The goal of this simulation is to compare OctopusDB with sev-
eral existing database systems. We consider Row Store, Column
Store, Index Row Store, Indexed Column Store, Fractured Mirrors
and Indexed Fractured Mirrors to compare with OctopusDB. The
workload consists of equal number of scan and update queries on
Tickets and Customers relations in the Running Example. Table 7
in Appendix E shows the workload parameters. Figure 5 shows
the overall performance of different systems in terms of the overall
workload time. We can see from the figure that OctopusDB outper-
forms traditional database system by a factor of up to 5. Further, we
break down the workload time into query and update costs. We ob-
serve that OctopusDB outperforms all other systems in terms of up-
date costs while only Indexed Fractured Mirrors match OctopusDB
in terms of query costs. Indexed Fractured Mirrors, however, has
prohibitive update costs.

The reason for better performance of OctopusDB compared to
traditional systems is the flexible SV management in OctopusDB
depending upon the workload. The Tickets and Customers relations
in the above workload are marked in Figures 4(a) and4(b) for the
scan and update queries respectively. From the figures, we observe
that a column SV on Tickets and an Indexed Row SV on Customers
provide the cheapest costs. Such a SV configuration is impossible
to achieve in a conventional database system, whereas OctopusDB
can easily cope with it by creating the appropriate SVs.

6.3 Automatic Adaption

In this experiment we show how OctopusDB may automatically
adapt SVs to a query response time requirement. We assume that
the user specified that workload should not take longer than 0.1 sec.
System and Setup. Our current prototype of OctopusDB is imple-
mented in Java 1.6. All experiments were executed on a medium-
sized computing node. We used a single Intel Xeon Quadcore,
2.66Ghz (E5430) with 16GB of main memory. The operating sys-
tem was Linux 2.6.27.7-9-xen. In order to have a realistic scenario,
we assumed all data and storage views to fit into main memory.
Note again, that OctopusDB is not limited to main memory scenar-
ios but could also be run as an external memory system. We use
Tickets and Customers records having 20 attributes each for our
experiment. For each measurement, the workload contains a batch
of 40 randomly picked scan and update queries in the ratio 1:3. We
pick the search attribute for scan queries using zipfian distribution
with a skewness factor of 4; scan queries have a selectivity of 0.01.
Experiment. We configured OctopusDB to use Log SV only and
gradually increase the number of log records. We monitor a win-
dow of 5 latest measurements and take the average. If the aver-
age is above 0.1sec, we switch to a more efficient SV. Figure 6
shows the results. We observe that for up to 33,000 log records,
the requirement is met by Log SV. Then, OctopusDB switches to
Bag-partitioned Log SVs for Tickets and Customers relations. This
works fine until 76,000 log records. Here, OctopusDB switches
Tickets Log SV to Key-Consolidated Log SV. Again at 103,000
log records OctopusDB Key-Consolidates the Customer Log SV.
This works fine until 127,000 log records where we switch Tick-
ets to Column SV. At 200,000 log records, we switch Customers to
Row SV. Finally, we switch Tickets and Customers to Indexed SVs
at 206,000 and 211,000 log records respectively.

This experiment demonstrates that through a wide range of
database sizes, scan-based methods, be it a log, a partitioned log, a
key-consolidated log, a row store, or a column store may be enough
to serve a workload. Only for larger database sizes we have to use
indexing. Note that Indexed SV may also be used to create indexes
only on a subset of attributes. This is useful if some attributes are
queried more often than others.

7. CONCLUSION

This paper has proposed a unified database architecture for
OLTP, OLAP, streaming databases, as well as several other types
of databases (see Table 5 in Appendix A.4 for an overview of use-
cases). The primary storage structure of OctopusDBs is a logical
log. All other storage structures are just secondary storage views
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