





































3.2 Nearly optimal �nite, rank- r solutions

Although the optimal value s� is achieved in (SDP-D) (that is, its \inf" may be written \min"),
the value s� might not be achieved in (SDP-P). However for any � > 0, we can �nd � 2 B1(H )+

satisfying h�; I j i = 1
r for all j and with h�; a i � s� � � . Let us further simplify this � .

Finite rank. First, recall that B00(H )+ (the �nite-rank positive semide�nite operators on H) is
dense inB1(H )+ with respect to the trace-norm (see [Con85, Thm. 1.11(d)], with the proof clearly
holding under the positive semide�nite restriction). Thus we can �nd a �nite-rank � 0 2 B00(H )+

satisfying jh� 0; I j i � 1
r j � � for all j and with h� 0; ai � s� � � � k ak� . Next, using Lemma 3.3

we can convert this to another �nite-rank � 1 2 B00(H )+ satisfying h� 1; I j i = 1
r for all j and with

h� 1; ai � s� � � 1, where � 1 = � + kak� + C� ! 0 as � ! 0.

Finite support. Since � 1 2 B00(H )+ has trace 1 we can write� 1 =
P k1

i =1 � i j' i ih' i j for some
� = ( � 1; : : : ; � k1 ) 2 R k1

+ forming a probability distribution on [ k1] and some orthonormal vectors
j' i i 2 `2(V ). We can approximate each j' i i by a unit vector j' 0

i i of �nite support satisfying
jh' i j' 0

i ij
2 � 1 � � 1, from which it follows (an easy calculation [NC10, (9.60), (9.99)]) that kei k1 �

2
p

� 1, where ei = j' i ih' i j � j ' 0
i ih' 0

i j. Now let � 2 =
P k1

i =1 � i j' 0
i ih' 0

i j, a positive semide�nite matrix
of �nite support. Then

h� 2; ai = h� 1; ai �
k1X

i =1

� i hei ; ai � s� � � 1 �
k1X

i =1

� i � 2
p

� 1kak = s� � � 1 � 2
p

� 1kak;

and one can similarly check that jh� 2; I j i � 1
r j � 2

p
� 1 for all j . Again applying Lemma 3.3, we

can convert this to another �nite-support �̂ 2 B00(H )+ satisfying h�̂; I j i = 1
r for all j and with

h� 1; ai � s� � � 2, where � 2 = � 1 +2
p

� 1kak+2C
p

� 1 ! 0 as� ! 0. Since� 2 can be made arbitrarily
small by taking � ! 0, we �nally conclude:

Proposition 3.5. For any � > 0, there is a feasible �nite-support solution �̂ to (SDP-P) achieving
objective value at leasts� � � = � max (â) � � .

Rank r. In general, any solution � to (SDP-P) need not have rank more than r . Although we
don't strictly need this fact, it is particularly easy to show for � of �nite support, and we do so
now.

Proposition 3.6. Let �̂ be a feasible solution to(SDP-P), with nonzero entries only in rows/columns
indexed by a �nite set F � V . Then there is another ~� feasible for (SDP-P), supported onF and
with rank at most r such that h~�; a i � h �̂; a i .

Proof. We think of �̂ as a matrix indexed just by F̂ , and write aF̂ for the submatrix of a on
rows/columns indexed byF̂ . Suppose ^� has eigenvalues� 1; : : : ; � jF̂ j � 0 (nonnegative, since ^� � 0),
with corresponding orthonormal eigenvectorsj 1i ; : : : ; j jF̂ j i . Then �̂ achieves objective value

c := h�̂; a i = h�̂; a F̂ i = tr( �̂a F̂ ) = tr

  
X

i

� i j i ih i j

!

aF̂

!

=
X

i

� i h i jaF̂ j i i :

Also, writing I j for the identity matrix restricted to Vj \ F̂ , feasibility of � implies

1
r = h�̂; I j i =

X

i

� i h i jI j j i i ; j = 1 : : : r:
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3.4 Conclusion
Wepresented the relaxed operator fusion query processingmodel for in-memoryOLAPDBMSs.

With ROF, the DBMS introduces staging points in a query plan where intermediate results are tem-
porarily materialized to cache-resident buffers. Such buffers enables the DBMS to employ various
optimizations to exploit inter-tuple parallelism using a combination of vectorization and software
prefetching. This allows a DBMS to support faster OLAP query execution and to support vector-
ization optimizations that were previously not possible when data sets exceed the size of CPU-level
caches. We implemented our ROF model in the Peloton in-memory DBMS and showed that it re-
duces the execution time of OLAP queries by up to 2.2� . We also compared Peloton with ROF
against two other in-memory DBMSs (HyPer and Actian Vector) and showed that it achieves 1.8�
lower execution times.



Chapter 4

Permutable Compiled Queries

Although query compilation can accelerate the execution of a query plan, existing compilation tech-
niques cannot overcome poor choices made by the DBMS’s optimizer when constructing that plan.
Sub-optimal choices by the optimizer arise for several reasons, including: (1) the search spaces are
exponential (hence the optimal plan might not even be considered), and (2) the cost models that
optimizers use to estimate the quality of a query plan are notoriously inaccurate [91].

One approach to overcomingpoor choices by the optimizer is adaptive query processing (AQP) [46],
which introduces a dynamic feedback loop into the optimization process. While effective in inter-
preter-based DBMSs, AQP is infeasible in DBMSs that use JIT query compilation for two reasons.
First, compiling a new query plan is expensive: often on the order of several hundreds of millisec-
onds for complex queries [82]. Second, the conditions of the DBMS’s operating environment may
change throughout the execution of a query. Thus, achieving the best performance is not a matter
of recompiling once; the DBMS may need to make adjustments repeatedly throughout the query’s
lifetime.

Although there are clear benefits toAQP, generating a newplan or including alternative pipelines
in a query is not ideal for compilation-based systems. Foremost is that compiling a new plan from
scratch is expensive. But even if the DBMS’s optimizer pre-computed all variations of a pipeline
before compiling the query, including extra pipelines in a plan increases the compilation time. The
DBMS could compile these pipelines in the background [82], but then it is using CPU resources for
compilation instead of query execution.

There are also fine-grained optimizationswhere it is infeasible to use either of the two aboveAQP
methods. For example, suppose the DBMS wants to find an ordering of predicates in a table scan
such that the most selective predicates are evaluated first. Since the number of possible orderings is
combinatorial, the DBMS has to generate a separate scan pipeline for each ordering. The number of
pipelines is so high that the computation requirements to compile themwould dominate the system.
Even if the DBMS compiled alternative plans on-the-fly, it still may not adapt quickly enough if both
the data and operating environment change during execution.

To help motivate the need for low-overhead AQP in compilation-based DBMSs, we present an
experiment that measures the performance of evaluating a WHERE clause during a sequential scan
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Figure 4.7: Varying Predicate Selectivity – Performance of the static, optimal, and permutable
orderings when varying the overall query selectivity.

Varying Predicate Selectivity: We next analyze the permutable filter optimization across a range
of selectivities to measure its robustness. For this experiment, we modify the table’s data distribu-
tion for the above query such that the filters’ combined selectivity varies from 0% (i.e., no tuples
are selected) to 100% (i.e., all tuples are selected). As before. the DBMS uses a 10% sampling rate
policy. We compare against a “static” ordering as chosen by the DBMS’s query optimizer based on
collected statistics. We also execute an “optimal” configuration where we provide the DBMS with
the best ordering of the filters on a per-block basis. This optimal plan represents the upper bound
in performance that the DBMS could achieve without the re-sampling overhead.

The results in Figure 4.7 show that PCQ is competitive (within 20%) of the optimal configu-
ration across all selectivities. Our second observation is that both optimal and PCQ consistently
outperform the static ordering provided by the DBMS below 100% selectivity. At 0%, PCQ and
optimal are 2.7� and 3.6� faster than static, respectively. This is because each is able to place the
most selective term (i.e., the one yielding fewest output tuples) first in the evaluation order. As the
filter selectivity increases, the execution times of all configurations also increase since the DBMS
must process more tuples. At 100% selectivity, the PCQ filter performs the worst because it suffers
from sampling overhead; if all tuples are selected, adaptivity is not required. Finally, all orderings
perform better at 100% selectivity than at 90% because the DBMS has optimizations that it only
enables when vectors are full.

Filter PermutationOverhead: As described in Section 4.2, there is a balance between theDBMS’s
metric collection frequency and its impact on runtime performance. To better understand this
trade-off, we next execute the SELECT query with different re-sampling frequencies. We vary the
frequency from 0.0 (i.e., no sampling) to 1.0 (i.e., the DBMS samples and re-ranks predicates after
accessing each block). We fix the combined selectivity of all the filters to 2% and vary which filter is
the most selective at blocks #500 and #1000 as in Figure 4.6. The query starts with the Order-3 plan
from Figure 4.6 as this was the static ordering with the best overall performance. We instrument the
DBMS to measure the time spent in collecting the performance metric data versus query execution.
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Figure 4.9: Varying Number of Aggregates – Performance of the adaptive aggregation as we vary
the total number unique aggregate keys.

The results are shown in Figure 4.9. When the number of aggregates is small (i.e., <16k keys),
the hash table fits in the CPU cache and PCQ outperforms the static configuration. When there
are fewer than five keys, PCQ routes updates through the “hot” path yielding a 1.5� improvement.
Beyond this threshold, PCQ falls back to its hybrid vectorized and JIT implementation, outper-
forming the static plan by 1.6� . PCQ fairs well even at high cardinality because (1) it performs
data-independent random accesses into the hash table and (2) both pre-compiled and generated
aggregation steps are auto-vectorized. The benefits of data-independent memory access and auto-
vectorization are most pronounced when the hash table exceeds the CPU’s LLC. Figure 4.9 shows
that this occurs at � 256k keys where PCQ is 3� faster than the static plan.

Varying Aggregation Skew: The DBMS must be careful when deciding how many heavy-hitter
keys to extract into specialized JIT code for permutable aggregations. Extracting more keys (1)
introduces the possibility of branch mispredictions that increase runtime, and (2) generates larger
functions that increase compilation time.

To explore the relationship between the size of the heavy-hitter key set and performance, we
execute the same SELECT query as before, but fix the total number of unique grouping keys to
200k. We use a skewed Zipfian distribution for the grouping keys and execute the query using PCQ
in configurations that extract zero to eight heavy-hitter keys from the aggregation hash table. We
measure both the query execution time and the percentage of tuples that hit one of the conditional
branches for an extracted key.

The results in Figure 4.10a show that the configurations are within 3% of each other for low skew
values (i.e., less than one). None performs the best since the others introduce untaken branch in-
structions due to the uniformity in the key distribution. As skew increases, the versions that extract
keys perform better. At skew level 1.0, None performs 1.15� worse that all other configurations. The
benefit of this optimization plateaus with increasing skew as the DBMS hits the memory bandwidth
limits of the system. None uses the bucket-chained hash tablewhile other versions update aggregates
stored in plain arrays. At a skew level of 2.4, the Hot-8 configuration is 18� faster than None.
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Figure 4.10: Varying Aggregation Skew – Performance of PCQ’s adaptive aggregation when in-
creasing skew in aggregate keys with a fixed number of keys. (a) shows the total execution time to
perform the aggregation. (b) shows the percentage of input tuples that hit a heavy-hitter branch.

Figure 4.10b shows the percentage of tuples that match a hot key in the optimized aggregation
function. With low skew (i.e., below 1.0), 10% of the tuples take a heavy-hitter branch; the remaining
suffer the branch misprediction and fall back to the cold key path. Cost mispredictions are the
reason why the optimized plans perform worse at a lower skew. At a higher skew the optimized
versions absorb more updates that bypass the hash table, resulting in fewer cycles-per-tuple. At
skew level 1.6, Hot-1 incurs a 45% hit rate, while Hot-8’s rate is 82%. At the highest skew (2.4), the
min/max hit rates are 72% and 98%, respectively; this explains the performance improvements in
the optimized plans.

4.3.4 Join Adaptivity

Weevaluate PCQ’s ability to optimize hash join operations in response to changing data distribu-
tions. Each experiment constructs a right-deep join tree that builds hash tables in separate pipelines
and probes them in the final pipeline. The experiments customize the data generation for each join
key to target a specific join selectivity across any pair of tables, along with the overall selectivity.
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Figure 4.12: VaryingNumber of Joins – Execution time to perform amulti-step join while keeping
the overall join selectivity at 10%.

constant, as the number of joins increase, PCQ outperforms the static plan by discovering the most
selective joins and dynamically reordering them earlier in processing. Beyond two joins, PCQ out-
performs the static plan even though the overall selectivity is constant. As before, this difference is
due to the harmonized combination of vectorized and JIT code used in NoisePage’s join processor.
PCQ is 3� faster than static when performing two joins, and 2.5� faster when performing greater
than three joins.

4.3.5 System Comparison
Lastly, we compare NoisePage with and without PCQ against two state-of-the-art in-memory

databases: Actian Vector (v5.1) and Tableau HyPer (v2019.2.18). Vector [1] is a columnar DBMS
based onMonetDB/x100 [29] that uses a vectorized execution engine comprised of SIMD-optimized
primitives. We modified Vector’s configuration to fully utilize system memory and CPU threads for
parallel execution. HyPer [6] is a columnar DBMS that uses the LLVM to generate tuple-at-a-time
query plans that are either interpreted or JIT compiled. The version of HyPer we use also supports
SIMD predicate evaluation. After consulting with Tableau’s engineers, we did not modify any con-
figuration options for HyPer.

In this section we evaluate the TPC-H and Star Schema Benchmark benchmarks. After loading
the data into each system, we run their requisite statistics collection and optimization operations.
Wewarm eachDBMS by running the workload queries once before reporting the average execution
time over five consecutive runs. Wemake a good faith effort to ensure theDBMSs execute equivalent
query plans by manually inspecting them. We note, however, that the DBMSs include additional
optimizations that are not present in all systems. For NoisePage, we use the query plan generated
by HyPer’s optimizer.

Skewed TPC-H
We evaluate the TPC-H benchmark using Microsoft’s skewed data generator [12], using a skew

of 2.0 (i.e., high-skew). We load the data into each system, warm system and DBMS caches, and
take the average over five consecutive executions after dropping the first. The results are shown
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using a random initial plan to demonstrate the benefit of our approach; NoisePage without PCQ
uses the optimal plan generated by HyPer.

Q1.*: All queries in this category contain a single join between the smallest and largest tables in
the database, and contain selective multi-part filters on both tables. Since there is a single join, PCQ
joins yield no benefit. However, PCQ rearranges some of the filtering terms resulting in a minor
performance benefit. HyPer performs the best, running 1.7� and 3.7� faster than NoisePage and
Vector, respectively. This is because it performs SIMD vectorized filter evaluation on compressed
data, achieving a better overall CPI.

Q2.*: These queries contain three joins and an aggregation. Although starting with a random
join order, PCQ permutes joins during execution based on observed selectivities and runtime con-
ditions resulting in a mean improvement of � 1.5� over the baseline. We observe a minor perfor-
mance degradation when applying the PCQ filter optimization due to the overhead of exploration.
Since the optimal filter order is unchanged during the query’s lifetime, exploring alternate orders
is unnecessary. We believe a more sophisticated adaptive policy that adjusts sampling frequency
avoids this problem. Overall, NoisePage with PCQ is 1.4� and 2.2� faster than HyPer and Vector,
which use fixed query plans.

Q3.*: Similar to Q2, these queries contain three joins and an aggregation, but swaps in one dif-
ferent base table. Only one query (i.e., Q3.4) triggers the PCQ aggregation optimization. As in Q2,
PCQ periodically explores the join order space to discover the optimal ordering resulting in an av-
erage performance improvement of 1.3� over the baseline. Since the majority of query processing
time is spent performing joins, PCQ’s aggregation optimization provides limited benefit. Finally,
we note that PCQ joins are slower specifically in Q3.4. In this case, the DBMS periodically explores
different join orderings (despite observing consistent optimal join rankings), but the overhead of
this exploration outweighs the performance benefits. We believe better policy design can ameliorate
this problem. Overall, NoisePage with PCQ results in an improvement of 1.3� over the baseline and
HyPer, and 3.2� over Vector.

Q4.*: Queries in this category join all five tables in the database. In all but Q4.3, NoisePage with
PCQ finds an optimal join and filtering ordering resulting in a � 1.26� improvement over the base-
line. Q4.3 sees reduced performance for the same reason as in Q3.4: the PCQ policy forces explo-
ration assuming the benefit is greater than the overhead. That assumption, however, is invalid in
Q4.3. AlthoughHyPer andVector implement filters on compressed data, the bulk of processing time
is spent execution joins. Hence, PCQ produces an average improvement of 1.2� over the baseline,
and 1.9� , and 3.4� over HyPer, and Vector, respectively.

4.4 Conclusion
We presented PCQ, a query processing architecture that bridges the gap between JIT compila-

tion and AQP. With PCQ, the DBMS structures generated code to utilize dynamic runtime struc-
tures with a layer of indirection that enables the DBMS to safely and atomically switch between
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plans while running the query. To amortize the overhead of switching, generated code relies on
batch-oriented processing. We proposed three optimizations using PCQ that improve different
relational operators. For scans, we proposed an adaptive filter that efficiently discovers an optimal
ordering to reduce execution times. For hash-based aggregations, we proposed a dynamic optimiza-
tion that identifies and exploits skew by extracting heavy-hitter keys out of the hash table. Lastly,
we proposed an optimization for left- or right-deep joins that enables the DBMS to reorder their
application to maximize performance. Our evaluation showed that NoisePage with PCQ enabled
delivers up to 4� higher performance on a synthetic workload and up to 2� higher performance
on TPC-H and Star Schema Benchmark benchmark workloads.



Chapter 5

Progressive Code Generation

Chapters 3 and 4 presented techniques to improve robustness during query processing. However,
like existing compilation approaches, our techniques share a key characteristic: theDBMS generates
all the code necessary for a query before execution. We refer to this strategy as one-shot code gener-
ation. One-shot generation maximizes the compiler’s optimization capabilities since all query code
is present at the same time. However, such an approach is limited in its ability to exploit features of
the underlying data that a query accesses since the DBMS can only learn this information during
execution after compilation has completed. For example, compressing intermediate data structures
may be possible to reduce the DBMS’s memory requirements. To do this using a one-shot approach
requires the query engine to either (1) generate all possible encoding and decoding schemes a priori,
(2) fall back to an interpreted code path, or (3) recompiling the query from scratch. None of these
options are desirable [102].

A better approach is for the DBMS to adapt generated code based on the data the query reads.
But query compilation and runtime adaptivity have conflicting goals. Compilation seeks to special-
ize code as much as possible, while AQP strives for flexibility.

Previous proposals have sought to bridge this divide between query compilation and AQP, but
are limited in their scope and applicability. Most existing approaches require the generation of all
query code prior to execution [21, 48, 65, 102, 108, 115, 134, 145, 152]; some initially generate instru-
mented code and recompile based on the observed data distributions [62]; and others target use-
cases such as CSV parsing [132] or filter reordering [62]. These previous techniques are insufficient
to enable dynamic, low-latency HTAP workloads.

To overcome these limitations, we nowpresent an incremental query compilationmethod called
ProgressiveCodeGeneration (PCG). PCGdraws inspiration from JIT-compiled dynamic language
runtimes to optimize generated code for both the SQL query and the data it operates on. This
resembles how language JITs (e.g., JVM) optimize a program at runtime based on the data that it
accesses. Unlike language JITs, a PCG-enabled DBMS need not perform speculative optimization
and deoptimization. Rather, the DBMS generates query code only once, but divides the query plan
into fragments that are incrementally generated and executed on demand. The DBMS leverages
this step-wise execution pattern to inject custom code to analyze intermediate state produced by
the query. It uses this information to fine-tune the code it generates for later parts of the query
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Figure 5.2: SystemOverview – An overview of the PCG query compilation and execution pipeline.
TheDBMS first decomposes a physical plan into pipelines to build a pipeline execution graph. Next,
the DBMS schedules pipeline fragments for code generation and execution. Each fragment is com-
piled into a executable bytecode and run adaptively using either an interpreter or native code. In
addition to computing query results, fragments collect detailed statistics that are available to subse-
quent fragments to tune their code.

5.2.2 Scheduling
After decomposing a physical plan into pipelines, a conventional query compiler generates and

compiles all code to execute the query. Instead, PCG relies on the observation that pipelines only
share state, not code. For example, both P1 and P2 require the hash table (▷◁A.col1=B.col1), but
the logic in P1 never references P2, nor vice versa; this is by design. For a binary operator that
materializes its left input (e.g., hash join), the build-side input tuple’s schema is different from the
probe-side, requiring different code on either side. Most pipeline code fragments are independent,
which means that the DBMS can compile and execute them independently1.

Although PCG decouples the compilation of pipelines, the physical plan still imposes an exe-
cution order. Thus, the next step is to determine a valid schedule of pipeline fragments. Before
constructing a schedule, the DBMS builds a pipeline graph based on their dependencies. A pipeline,
Pi, has a directed edge to pipeline, Pj , if Pi can execute before Pj . For example, a join operator con-
sumes its left input and builds the hash table before the right pipeline can run; thus, the left pipeline
induces a directed edge to the right pipeline in the graph. After the DBMS builds the pipeline graph,
it uses a topological sort to determine a valid execution order. Unconnected components in the
pipeline graph represent pipelines that can run in parallel, but PCG does not currently exploit this
optimization. In Figure 5.2, the order of compilation and execution is P1, P2, and P3. The system
then inserts these fragments into a code generation queue based on their execution order.

5.2.3 Code Generation and Execution
We now describe how the DBMS interleaves code generation and execution with PCG.

CodeGeneration: The DBMS processes pipelines in the order they appear in the queue. For each
pipeline, the DBMS generates one function encapsulating the fused logic of all operators it contains

1Exceptions include set-based relational operator (e.g., UNION). NoisePage supports these by nesting their logic
within a parent pipeline. In this case, the code generator extracts the nested pipeline’s logic into a separate function
available across pipelines.
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to generate fused tuple-at-a-time logic to collect these metrics. PCG is agnostic to the chosen ap-
proach; it only requires the analysis function to abide by API. As we showed earlier in Section 5.1
and will show again in Section 5.4, the DBMS can collect these metrics with minimal overhead.

Execution: The DBMS first executes the pipeline function, which constructs the hash table in
Figure 5.3b. At this point, the hash table becomes immutable. The DBMS divides the hash table into
fixed-size partitions and invokes the analysis function on each partition in parallel. Partition-local
statistics are then collected and combined to form a global view of the hash table’s data, shown in the
figure’s bottom right side. This information is persisted in an in-memory data structure accessible
to all operators further in the query plan.

The DBMS takes special care when executing analysis functions. Ideally, the DBMS should skip
the analysis step if it would not impact the code structure of later pipelines. We address this by
first running the function on a sample of tuples. For this step, the DBMS selects k logn tuples at
random, where n is the total number of tuples, and k is a configurable oversampling factor. The
DBMS invokes the analysis function on the sample, and only if this smaller analysis shows promise
does it proceed with a full analysis.

5.3.2 Compressing State
Many relational operators rely on in-memory data structures in their implementation. Hash

joins and hash aggregations use hash tables. Order-by operators use large sequential buffers to store
tuple data before sorting them. In complex OLAP workloads, these structures are often large and
easily exceed even the newest CPUs’ cache capacity. Moreover, some query plans require these
intermediate structures to exist for their entire lifetime, contributing to peak memory usage. There-
fore, it is desirable to minimize each operator’s memory footprint to maximize the likelihood that
requisite data fits in the CPU’s cache and making queries better “citizens” by using resources more
frugally.

We now describe an approach to reduce the memory space of ephemeral data structures pro-
duced during query processing (e.g., hash tables or buffers) by applying a lightweight compression.
It is agnostic to the encoding of the underlying data, and relies solely on runtime analysis. The tech-
nique is applicable to any relational operator with only minor differences per operator on when the
DBMS applies the compression. For instance, the DBMS compresses data for order-by operations
before sorting the tuples, which requires the tuple comparison function to operate on compressed
tuples. We use the same example query and resulting analysis in Figure 5.3, but now describe how
PCG uses the discovered statistics to compress the hash table and alter the probe side of the hash
join.

Analysis: PCG supports any compression technique, but in this work, the DBMS applies frame-
of-reference (FOR) encoding on tuple attributes [59]. FOR encoding requires knowing only the
minimum and maximum (i.e., the range) of all input values. For instance, if the range of values
for an attribute is R = [vmin, vmax], a FOR encoding requires B = dlog2(vmax � vmin)e bits to
represent any value v 2 R. Operators obtain this information by leveraging analysis functions (see
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 1 fun pipeline2(s:*State) {
 2   for (t in B) {
 3     var r:*Row=nil
 4     if   (t.col1==/*Key-1*/)r=/*Address-1*/
 5     elif (t.col1==/*Key-2*/)r=/*Address-2*/
 6     elif (t.col1==/*Key-3*/)r=/*Address-3*/
 7     else r = @lookup(&s.htbl,t.col1)
 8     if (r!=nil) @emit(/*Output Columns*/)
 9 }}

Pipeline #2 Logic

Figure 5.5: Specializing Join Probing Logic – If the DBMS detects join key skew, it samples the
input to collect a representative set of “hot” keys, probes the hash table once before generating the
probe logic, then generates explicit checks for each key, embedding the address of the result if suc-
cessful.

metrics collected for materialized attributes, the DBMS also tracks NULL counts with the goal of
detecting when these checks can be safely removed. If analysis concludes that NULL values do not
exist in the input, the generation of subsequent pipelines that operate on these attributes can skip
NULL handling code (i.e., lines 3-4 in the previous example) to save on compilation time and improve
query performance.

5.3.5 Value Specialization
Lastly, we discuss an adaptive technique that exploits data skew to optimize hash join perfor-

mance. Using the example SQL query in Figure 5.3a, we describe how the collected statistics are
used to customize the probing logic in the second pipeline.

Analysis: The aim of this optimization is to recognize skew in join keys, extract the N “hottest”
keys (whereN is configurable), and inline logic for them in the generated code for the probe side of
the join. The intuition behind this approach is that skew on the build side translates to skew on the
probe side. As this assumption is not always valid, the DBMS selectively enables this optimization
based on the joined tables. In this work, we enable it for anti- or semi-joins because the overhead is
negligible in these cases.

NoisePage identifies skew using either a histogram- or approximation-based approach. In the
former case, the join operator generates analysis code constructing a histogram of the join keys. In
the latter case, it uses a HyperLogLog (HLL) estimator to acquire an approximation of the number
of distinct keys [53]. Then, if nHT is the total number of tuples in the hash table, and nD is the
(approximate) count of distinct keys, the DBMS applies the optimization if nHT

nD
> T , where T is a

configurable parameter.
If the DBMS chooses to apply the optimization, the next step is to select the set of N keys,

K = f k1, k2, . . . , kNg, to extract and inline into the next pipeline’s code. If a histogram is used,
the first N keys are selected. If an approximate count is used, the DBMS samples N random keys
without repetition from the input.
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Figure 5.12: Varying JoinKey Skew –Performance of PCG’s join key specializationwhen increasing
skew in the join keys. (a) and (b) plot the total execution time when the skew is low and high,
respectively; (c) shows the percentage of hash table probes that hit a heavy-hitter branch.
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Figure 5.13: TPC-H Performance – Evaluation of a selection of TPC-H queries with and without
memory compression enabled using PCG. (a) and (b) show the query performance and memory
reduction ratio, respectively.

to points in Figure 5.12c where more than 75% of the hash table probes hit one of the special case
branches. When the branches are taken less frequently, the CPU cannot correctly predict their out-
come, leading to costly mispredictions. For instance, N=1 is 1.5� slower than Disabled at skew 2.4,
but incurs 25� more branch mispredictions. CPU architectures employ different branch prediction
techniques, making N machine-dependent. Although the threshold depends on the machine the
DBMS is running on, it does not change over its lifetime. The DBMS can derive this bias threshold
value on startup using microbenchmarks.

5.4.4 TPC-H
Lastly, we evaluate NoisePage with andwithout PCG on the TPC-H benchmark. We load a scale

factor 10 (� 10 GB) data set and first warm the system caches by running all queries three times. We
then evaluate all queries and report the average over five consecutive executions. We also report
the reduction in each query’s total memory footprint when applying PCG compared to when it is
disabled.

The first observation of the results in Figure 5.13 is that the DBMS’s performance with PCG is
never worse than the baseline. Unlike the previous experiments, we allow the DBMS to bypass com-
pression if it deems it unbeneficial. Since PCG’s analysis captures perfect information, the decision



5.5. RELATEDWORK 100

on whether to apply an optimization is always correct. For example, Q1 uses a hash table to store
aggregates, but the DBMS does not compress it because it uses four group-by keys and already fits
in CPU cache. In contrast, Q5 is � 25% faster with PCG because it uses smaller data types in its five
hash tables. Similarly, Q18 is 10% faster with PCG for the same reason.

Our second observation is that not all queries benefit from compression, but PCG is able to
achieve up to a 4� reduction in total memory for some queries. As mentioned, Q1’s hash table and
sort buffers fit in cache and, thus, do not benefit from compression. As a counter point, all five
hash joins’ hash tables in Q1 are compressed; but, the aggregation and sorting buffers are untouched
because they are cache-resident.

PCG’s compression is not meant to always improve performance. Still, we emphasize that it can
also reduce memory consumption through its lightweight analysis and custom code generation. In
general, we observe that the hash table data structure often consumes the largest amount ofmemory
in a query. Thus, we expect greater benefit from PCG compression with increasing data sizes and
query complexity.

5.5 RelatedWork
Compression: Westmann et al. explore integrating lightweight compression holistically through-
out all database components, and evaluate its impact onquery performance in a row-storeDBMS [153].
The authors show that using lightweight compressionmethods like FOR [59] or null suppression [130]
for integers, and dictionary compression [130] for strings, yields up to a 55% reduction in query re-
sponse times. Abadi et al. present an evaluation on compression in column-stores DBMSs [13]. The
authors integrate five compressed schemes into a DBMS by abstracting access to base and interme-
diate column data behind an API. This API hides how a column is formatted and instead exposes
properties about the underlying data (e.g., sortedness) that compression-unaware operators exploit.
However, both these works focus compression only on storing and processing base table data.

Chen et al. are one of the first to compress intermediate results for disk-centric row-stores [39].
They introduce transient decompression wherein operators incapable of processing compressed
data temporarily decompress their inputs and retain the original input as well. The DBMS then
processes the data, and then recompresses and combines the output with the original compressed
input data. Thus, subsequent operators still benefit from compression.

MorphStore [43] presents the design of a column-store query engine that implements continu-
ous compression for both base table data and all intermediates. Built atopMonetDB [30],MorphStore
operators consume compressed inputs and produce compressed output in potentially different for-
mats. Operators rely on a library of SIMD-optimized vectorized wrappers to morph data in one
scheme into different schemewithout decompressing. Instead, wrappers deliver small vector register-
resident chunks of data to operators. The engine also dynamically selects a suitable compression
format for an operator’s output based on its characteristics. PCG only compresses data at pipeline
boundaries rather than after each operator.

Gubner et al. describe an approach to compress intermediate hash tables using domain-guided
prefix suppression [64]. Before execution, the DBMS determines a suitable encoding of the at-
tributes materialized in a hash table by inferring their domain bounds and truncating unused prefix
bits. During execution, the DBMS dispatches to pre-compiled vectorized primitives to encode and
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HyPer [77] pioneered the data-centric (push-based) query execution model [108]. HyPer trans-
lates a given query plan into LLVM IR, but relies on precompiled C++ code for the more complex
query-agnostic database logic. The push-based engine fuses together all operators in a pipeline,
obviating the need to materialize data between operators, instead allowing them to access tuple
attributes directly in CPU registers. This produces compact loops that improve code locality and
overall execution time.

Umbra [109] (the successor to HyPer) is an HTAP DBMS that also uses data-centric code gen-
eration. Umbra translates query plans into a custom IR optimized for low-latency query execution
rather than using LLVM [79]. The authors note that LLVM is a general-purpose IR and emphasizes
common interaction patterns such as instruction reordering, replacement, and deletion. A DBMS
query processor does not use these IR features but has to pay the overhead nonetheless. Instead,
Umbra’s IR is faster to generate and execute, despite resembling LLVM. Umbra either interprets
their IR or compiles it directly to x86 assembly.

JAMDB [126] from IBM presented a relational, in-memory, Java-based database prototype that
compiled query plans into Java classes that are JIT by the JVM. They implemented compilation of
all relational operators and expressions required to support the TPC-H benchmark and compared
against an interpreted engine. Interestingly, the JAMDB query compiler structures generated code
in a manner that strikingly resembles the data-centric model from [108], but do not provide a trans-
parent model or API for how they achieve this.

SingleStore [8] (previously MemSQL) underwent two incarnations of their code generation
query engine. Their first version used a template-driven approach to generate C++ code that was
compiled to machine code by forking a GCC process. Due to long compilation latencies, they
rewrote the engine to translate query plans into a DSL called the MemSQL Programming Language
(MPL), which is compiled into a custom bytecode. The DBMS either interprets this bytecode or
compiles it into native code using LLVM. Both versions of the engine perform one-shot code gen-
eration without any adaptive techniques. Query parameters are stripped out from queries to avoid
recompilation when the query runs with new input values.

LegoBase [80] uses generative-programming (i.e., staging) to partially evaluate a Volcano-style
interpretation engine and produce highly customized C query code. Optimizations to convert to
push-based dataflow, row or columnar formats, or vectorized or tuple-at-a-time processing are ap-
plied during this transformation. DBLAB/LB [134] is the spiritual successor to LegoBase and also
uses the staging based technique to generate query code. Unlike LegoBase, DBLAB/LB relies on a
stack of DSLs to incrementally lower an interpreted query engine into C code. Each DSL functions
at a different level of abstraction and is optimized independent of each other.

DBToaster [17, 18] is a stream processing engine designed for efficient view maintenance. In
existing DBMSs, incremental updates to materialized views are treated like an update to a regular
table. This simplifies the implementation by reusing existing machinery, but it does not consider
the nature of the view and its relationship to the base tables. DBToaster instead analyzes these
relationships to construct an optimized delta query that often obviates the need for subsequent scans
of base tables. It then translates this delta query into C++ code and compiles it into machine code
using a standard compiler. In this way, the DBToaster system is able to offer orders of magnitude
performance improvements for long-standing queries.
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Tupleware [41] is a distributedDBMS that automatically compiles workflows composed ofUDFs
into LLVM IR. Workflows are introspected to find vectorizable and non-vectorizable portions that
drives the code generation process. Tupleware also presents a new hybrid predicate evaluation tech-
nique that separates predicate checking with output copying using a heuristic model.

In [137] and [136], the authors compared the performance of a vectorized and compiled query
engine across three different simple query types: projections, selections and hash joins. They con-
clude that neither technique is always optimal, but that a combination of the two techniques is re-
quired to achieve the best performance. Specifically, projections are best performed by a compiled
query, while selections are best performed by a vectorized query. Hash joins are significantly more
complicated and require a custom combination of the two techniques.

The HIQUE [84] system uses query compilation without the Volcano iterator model. Instead,
HIQUE translates the algebraic query plan into C++ using code templates for each operator. These
templates form the structure of the operator, but low-level record access methods and predicate
evaluation logic is customized per query. Unlike our ROF model, each operator in HIQUE always
materializes its results, which prevents operator pipelining.

OmniSci [144] (previously MapD) is a GPU-accelerated DBMS designed to handle read-only
queries. It implements a mixed C++/LLVM execution engine. All query-specific routines and pred-
icate expressions are compiled into LLVM IR, then JIT compiled into native GPU code through
Nvidia’s intermediary NVVM IR. Like MemSQL, extracts constants to avoid recompilation when a
query is re-executed with different parameters. It does this by using the generated IR as a key into
a hash-table that maps IR to JITed query code.

Voodoo [120] presents an intermediate vector-based algebra that abstracts away the specifics
of a system’s underlying hardware such as cache configurations, NUMA layouts, or availability of
SIMD instructions. A DBMS translates a physical plan into Voodoo and relies on a back-end that
compiles it into portable OpenCL [10] code, which can be deployed in heterogeneous hardware
environments that include both CPUs and GPUs.

The Tungsten [21] engine in Apache Spark introduced data-centric code generation for expres-
sions. The DBMS converts a query’s WHERE clause into an AST that it then compiles into JVM
bytecode. The JVM internally decides whether this code is interpreted or compiled to native code.
Using JVM bytecode simplifies interoperating with generated code since Spark is written in Scala
(i.e., a JVM language). Like existing systems, Tungsten performs one-shot code generation (referred
to as whole-stage generation in their work) and does not attempt to adapt this code at runtime. Code
generation is also disabled for large queries due to platform and JVM limitations.

LB2 [145] presents an exciting approach to implementing a code generation query engine. With
LB2, the query interpreter is written in the Scala programming language. The interpreter uses the
data-centric model by relying on callback functions. Using callback functions enables the DBMS to
benefit from data-centric efficiency and the Volcano-style iterator’s well-understood structure. The
authors use staged compilation [80, 134] and Futamura projections to derive a query compiler from
an interpreter. The resulting compiler generates C code which is further compiled into native code
using GCC. However, LB2 suffers from very long compilation times, making it infeasible for use in
real-time analytic workloads.
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this approach only changes what compiler to use, it cannot accommodate plan-wide optimizations
or adapt the query plan based on the observed data.

Zeuch et al. developed a reoptimization approach using a cost-model based on the CPU’s built-
in hardware counters [158]. Their framework estimates the selectivities of multi-table queries to
adapt execution orderings. Our PCQ framework does not rely on low-level counters and supports
additional optimizations beyond filtering, including joins and aggregations.

Amore recent adaptive approach for JIT compiled systems was proposed for Apache Spark [132].
Thismethod provides dynamic speculative optimizations for compiling data file parsing logic. Griz-
zly [62] presents an adaptive compilation approach targeting stream processing systems. It initially
generates generic C++ code with custom instrumentation to collect profiling information. The run-
time uses this profiling information to recompile new optimized variants that it then monitors and
verifies using hardware counters. Grizzly supports predicate reordering and domain-value special-
ization. PCQ supports more optimizations without recompiling plans.

One of the first implementations of reordering predicateswas inPostgres from the early 1990s [68].
The authors instrumented the DBMS to collect completion times of predicates during query execu-
tion. They then modified Postgres’s optimizer to reorder predicates to consider the trade-offs be-
tween selectivity and evaluation cost in future queries. This is the same high-level approach that
IBM used in its Learning Optimizer (LEO) for DB2 [138]. The DBMS collects runtime information
about queries and feeds this data back into the optimizer to improve its planning decisions.

Lastly, Dreseler et al. perform a deep-dive analysis of the TPC-H benchmark queries [50]. Their
work groups the canonical choke-point queries into one of three categories: plan-level, logical
operator-level, and engine efficiency. Their conclusion is that predicate placement and subquery
flattening were the most relevant to query performance. PCQ supports the former in the execution
engine, while the latter is handled by the DBMS optimizer.

6.3 Adaptive Compiler Techniques
Optimizing generated code based on runtime conditions is well-studied the compiler literature,

specifically in the context of high-performance dynamic language virtual machines [35, 36, 47, 69,
71, 74, 98]. The use of speculative optimization and deoptimization as a technique to enhance per-
formance was first introduced in the Self programming language [70]. At a high level, the compiler
first generates a generic version of a code fragment to execute. Depending on the scope of optimiza-
tion, a code fragment may be restricted to a single loop (e.g., tracing JIT) or an entire method (e.g.,
method-based JIT). The compiler profiles the generated code and if it speculates that the collected
information is stable (i.e., the information is not going to change in future executions), it generates
a new version that optimizes for the observed common case. The optimized version also contains
a fallback code path to handle inputs that invalidate speculative assumptions. When this occurs,
the code is deoptimized by transferring control back to the runtime and reverting to the generic
version. PCG exploits the semantics of query processing to safely remove the need for a fallback
and its associated overhead.

The inspector/executor paradigm is used by compilers to generate parallel code for sparse ma-
trix multiplication applications. In this model, the compiler generates inspection code to examine
data at runtime first, and then executor code that exercises specific optimizations incorporating the
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runtime information [25, 103, 128, 150]. These inspector/executor optimizatations have also been
employed outside the domain of matrix multiplication, including optimizing parallelization and
communication [127, 131], and data reorganization [49, 66, 99, 104, 154]



Chapter 7

Future Work

In this chapter, we propose several future directions for the work presented in this dissertation. We
first discuss immediate extensions that build upon our work to further improve query robustness.
We conclude with a broader outlook on howmodernDBMS can achieve robustness in an ecosystem
that includes heterogeneous hardware platforms.

7.1 Inter-Query Optimization

The techniques presented in this dissertation attempt to ensure theDBMS executes a single query
in the most efficient manner possible. The DBMS collects comprehensive statistics on the data a
query is processing dynamically at runtime to achieve this. The DBMS then exploits this data to
fine-tune the query’s code and temporary data structures. However, despite spending effort acquir-
ing this information, the DBMS discards it entirely after the query finishes execution. The DBMS
cannot use the statistics garnered from an earlier execution of a query to optimize future queries.
Although our techniques impose negligible overhead, repeating work is still wasteful. It would be
desirable if the DBMS’s execution engine could reincorporate runtime information back into the
DBMS optimizer to correct optimizer errors.

Runtime statistics differ from those maintained by the DBMS optimizer in several fundamental
ways. Foremost is that runtime statistics are 100% accurate, whereas optimizer statistics are only
rough summarizations. Also, runtime statistics can be fine-grained while that available to the op-
timizer is coarse-grained. Hence, the first step is to investigate how to reconcile this impedance
mismatch. The presence of constants and parameters in a query complicates this further as they
influence the data distributions observed during execution. One promising approach to address
this issue is to augment the DBMS optimizer to store virtual catalog entries that treat ephemeral re-
sults (e.g., the result of a hash join between two potentially virtual tables). In addition to cardinality
information, the DBMS can track domain information, NULL information based on the techniques
in this work. Interestingly, the DBMS can track arbitrary statistics but must balance the runtime
overhead with the expected utility of information it gleans.
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7.4 Specialization Outside Query Processing
Existingwork on compilationwithin theDBMShas focused predominantly on optimizing query

processing performance. However, we see several other areas where we believe compilation lends
improved performance. Generating specialized code is best suitedwhen it replaces interpreted logic,
thereby reducing CPU instruction count. One interesting use case is DBMS logging. When logging
during transaction processing, the DBMS serializes attributes from one ormore tuples intomemory.
Then when deserializing log records during recovery, it interprets a table’s schema to (1) determine
how data in a log record is serialized and (2) how to appropriately write these bytes into the appropri-
ate space in the table’s heap memory. This interpretation can potentially be specialized away using
generated code to improve performance.

Another exciting idea is to specialize access and traversal of B-tree indexes. Probing a conven-
tional B-tree node involves a binary search in a sorted array of index keys. Binary search does not
exploit any properties of the keys stored in the array; it is, by design, a general-purpose algorithm.
On the other hand, if the DBMS can analyze the keys in the tree and the access pattern, it is feasible
to (1) bias the search in a given direction and (2) extract “common” keys out of the search to provide
a fast-path for common key accesses.

7.5 Heterogeneous Hardware
Although Moore’s Law remains true even at the time of writing, there is growing uncertainty

whether it is possible to reduce the size of CPU transistors beyond 2nm [7]. Even if semiconductor
manufacturers can improve either their fabrication process (e.g., extreme ultraviolet lithography) or
CPU transistor technology (e.g., nanosheet gate-all-around), the total cost of designmaymake them
financially unviable [4]. Instead, hardware vendors are offering alternative specialized computation
platforms. For example, Intel SIMD registers continue to increase in width, now reaching 512 bits.
Graphics processing units (GPU) have tens of gigabytes of memory, thousands of simple cores, and
far highermemory bandwidth than general-purpose CPUs. Finally, field-programmable gate arrays
(FPGA) offer an exciting platform blurring the line between hardware and software.

Hardware platforms of the future will be heterogeneous. On query execution, the DBMS must
decide which portion of the query to execute on which device, taking into account the cost asso-
ciated with data movement. Moreover, although the DBMS knows the strengths and weaknesses
of each device beforehand, it only obtains clarity on the data a query is processing during execu-
tion. Thus, it must dynamically map query computation to the appropriate device, accounting for
existing workloads and resource availability. These challenges further stress the need for runtime
robustness.



Chapter 8

Concluding Remarks

In this dissertation, we presented several techniques to improve the performance and robustness
of compilation-based DBMS query processing engines. Existing DBMSs employ a “compile-then-
execute” strategy wherein all code for a query plan is generated first and only then compiled and
executed without regard for the plan’s quality. Although this works in OLTP workloads character-
ized by repetitive and short-lived queries, this is not the case in HTAP settings. HTAP workloads
are far less predictable (i.e., ad-hoc), more complex because they involve many more tables, and are
long-lasting as they typically process entire tables. These properties complicate query planning and
optimization. The update rate in HTAP environments exacerbates the problem since the DBMS’s
statistics are often outdated, misguiding the query optimization process. Although the AQP liter-
ature offers some hope, none of the existing techniques work in compilation-based DBMSs. They
either impose non-trivial compilation overhead or require aborting a query during execution, wast-
ing resources and time.

This dissertation bridges the gap between compilation-based query processing andAQP in three
parts presented in increasing scope of flexibility. In Chapter 3, we presented ROF, a technique that
seamlessly blends query compilation and vectorized processing throughout the query engine. We
achieve this by introducing staging points into a query plan where intermediate results are tem-
porarily materialized in cache-resident buffers. Operators individually decide where to inject stag-
ing points with the assistance of the DBMS optimizer. Staging buffers enable operators to exploit
inter-tuple parallelism using a combination of SIMD vectorization and software prefetching.

With ROF, query operators optimize themselves independently of each other. Although this
improves performance, the DBMS can reach a local optimum. To address this, in Chapter 4 we
presented PCQ, a technique that expands the granularity of adaptability across multiple operators
within a pipeline. With PCQ, the DBMS structures generated code to utilize dynamic runtime
structures behind a layer of indirection. Indirection plays a critical role in enabling the DBMS to
switch between query plans during execution safely. PCQ employs the relaxed fusion technique
from Chapter 3 to minimize any potential overheads introduced by adding a level of indirection.
Using PCQ as a foundation, we implemented three optimizations that span single and multiple
operators, including table scans, aggregations, and multi-way joins.

Both ROF and PCQ enable query plans to optimize themselves dynamically but require the
DBMS to generate all code for a given query before execution. This approach, referred to as one-shot
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code generation, is widely adopted bymost existing compilation-basedDBMSs. A crucial drawback
of one-shot code generation is that it prevents the DBMS from learning properties about the data
the query reads in an earlier phase of processing to tailor the code it generates for a later phase. To
address this, we observe that pipelines only share state, not code; pipelines form a DAG and can
be compiled and executed independently. Thus, in Chapter 5 we presented PCG, which interleaves
code generation and execution of the different pipelines constituting a query. PCG allows theDBMS
to adapt pipelines based on data observed in earlier parts of a query. We use this framework to
implement several operations targeting both performance and memory compression.

Taken together, the work described in this dissertation enables any DBMS that uses query com-
pilation to achieve dynamic runtime robustness without succumbing to any of its overheads.



http://esd.actian.com/product/Vector
http://cassandra.apache.org/
http://spark.apache.org/
https://www.extremetech.com/computing/272096-3nm-process-node
https://github.com/google/benchmark
https://hyper-db.de
https://semiengineering.com/making-chips-at-3nm-and-beyond/
http://www.memsql.com
https://noise.page
https://www.khronos.org/opencl/
http://pelotondb.io
https://www.microsoft.com/en-us/download/details.aspx?id=52430


https://github.com/aappleby/smhasher


115 APPENDIX . BIBLIOGRAPHY

[34] D. D. Chamberlin, M. M. Astrahan, M. W. Blasgen, J. N. Gray, W. F. King, B. G. Lindsay,
R. Lorie, J. W. Mehl, T. G. Price, F. Putzolu, P. G. Selinger, M. Schkolnick, D. R. Slutz, I. L.
Traiger, B. W. Wade, and R. A. Yost. A history and evaluation of system r. Commun. ACM,
24:632–646, October 1981.

[35] C. Chambers and D. Ungar. Making pure object-oriented languages practical. In Conference
Proceedings on Object-Oriented Programming Systems, Languages, and Applications,
OOPSLA ’91, page 1–15, New York, NY, USA, 1991. Association for Computing Machinery.

[36] C. Chambers, D. Ungar, and E. Lee. An efficient implementation of self a dynamically-typed
object-oriented language based on prototypes. In Conference Proceedings on
Object-Oriented Programming Systems, Languages and Applications, OOPSLA ’89, page
49–70, New York, NY, USA, 1989. Association for Computing Machinery.

[37] B. Chattopadhyay, P. Dutta, W. Liu, O. Tinn, A. Mccormick, A. Mokashi, P. Harvey,
H. Gonzalez, D. Lomax, S. Mittal, et al. Procella: Unifying serving and analytical data at
youtube. Proceedings of the VLDB Endowment, 12(12):2022–2034, 2019.

[38] S. Chen, A. Ailamaki, P. B. Gibbons, and T. C. Mowry. Improving hash join performance
through prefetching. In ICDE, pages 116–127, 2004.

[39] Z. Chen, J. Gehrke, and F. Korn. Query optimization in compressed database systems. In
Proceedings of the 2001 ACM SIGMOD international conference on Management of data,
pages 271–282, 2001.

[40] R. L. Cole and G. Graefe. Optimization of dynamic query evaluation plans. In Proceedings
of the 1994 ACM SIGMOD International Conference on Management of Data, SIGMOD ’94,
pages 150–160, 1994.

[41] A. Crotty, A. Galakatos, K. Dursun, T. Kraska, U. Çetintemel, and S. B. Zdonik. Tupleware:
”big” data, big analytics, small clusters. In CIDR, 2015.

[42] B. Dageville, T. Cruanes, M. Zukowski, V. Antonov, A. Avanes, J. Bock, J. Claybaugh,
D. Engovatov, M. Hentschel, J. Huang, A. W. Lee, A. Motivala, A. Q. Munir, S. Pelley,
P. Povinec, G. Rahn, S. Triantafyllis, and P. Unterbrunner. The snowflake elastic data
warehouse. In Proceedings of the 2016 International Conference on Management of Data,
SIGMOD ’16, page 215–226, New York, NY, USA, 2016. Association for Computing
Machinery.

[43] P. Damme, A. Ungethüm, J. Pietrzyk, A. Krause, D. Habich, and W. Lehner. Morphstore:
Analytical query engine with a holistic compression-enabled processing model. Proc. VLDB
Endow., 13(11):2396–2410, 2020.

[44] R. Delbru, S. Campinas, and G. Tummarello. Searching web data: An entity retrieval and
high-performance indexing model. Journal of Web Semantics, 10:33–58, 2012.

[45] P. J. Denning and T. G. Lewis. Exponential laws of computing growth. Commun. ACM,
60(1):54–65, Dec. 2016.

[46] A. Deshpande, Z. G. Ives, and V. Raman. Adaptive query processing. Foundations and
Trends in Databases, 1(1):1–140, 2007.



116

[47] L. P. Deutsch and A. M. Schiffman. Efficient implementation of the smalltalk-80 system.
POPL ’84, page 297–302, New York, NY, USA, 1984. Association for Computing Machinery.

[48] C. Diaconu, C. Freedman, E. Ismert, P. Larson, P. Mittal, R. Stonecipher, N. Verma, and
M. Zwilling. Hekaton: Sql server’s memory-optimized oltp engine. In ACM International
Conference on Management of Data 2013, June 2013.

[49] C. Ding and K. Kennedy. Improving cache performance in dynamic applications through
data and computation reorganization at run time. PLDI ’99, page 229–241, New York, NY,
USA, 1999. Association for Computing Machinery.

[50] M. Dreseler, M. Boissier, T. Rabl, and M. Uflacker. Quantifying tpc-h choke points and their
optimizations. PVLDB, 13(8):1206–1220, 2020.

[51] A. Dutt and J. R. Haritsa. Plan bouquets: Query processing without selectivity estimation.
In Proceedings of the 2014 ACM SIGMOD International Conference on Management of Data,
SIGMOD ’14, page 1039–1050, 2014.

[52] F. Färber, S. K. Cha, J. Primsch, C. Bornhövd, S. Sigg, and W. Lehner. Sap hana database:
Data management for modern business applications. SIGMOD Rec., 40(4):45–51, Jan. 2012.

[53] P. Flajolet, É. Fusy, O. Gandouet, and F. Meunier. HyperLogLog: the analysis of a
near-optimal cardinality estimation algorithm. In AofA: Analysis of Algorithms, DMTCS
Proceedings, pages 137–156, June 2007.

[54] J. Frazelle. Chipping away at moore’s law: Modern cpus are just chiplets connected together.
Queue, 18(1):5–15, Feb. 2020.

[55] C. Freedman, E. Ismert, and P. Larson. Compilation in the microsoft sql server hekaton
engine. IEEE Data Eng. Bull., 37:22–30, 2014.

[56] A. Gal, B. Eich, M. Shaver, D. Anderson, D. Mandelin, M. R. Haghighat, B. Kaplan,
G. Hoare, B. Zbarsky, J. Orendorff, et al. Trace-based just-in-time type specialization for
dynamic languages. ACM Sigplan Notices, 44(6):465–478, 2009.

[57] J. Giceva and M. Sadoghi. Hybrid OLTP and OLAP, pages 1–8. Springer International
Publishing, 2018.

[58] A. K. Goel, J. Pound, N. Auch, P. Bumbulis, S. MacLean, F. Färber, F. Gropengiesser,
C. Mathis, T. Bodner, and W. Lehner. Towards scalable real-time analytics: An architecture
for scale-out of olxp workloads. Proc. VLDB Endow., 8(12):1716–1727, Aug. 2015.

[59] J. Goldstein, R. Ramakrishnan, and U. Shaft. Compressing relations and indexes. In
Proceedings 14th International Conference on Data Engineering, pages 370–379. IEEE, 1998.

[60] G. Graefe. Volcano- an extensible and parallel query evaluation system. IEEE Trans. on
Knowl. and Data Eng., 6:120–135, 1994.

[61] G. Graefe and K. Ward. Dynamic query evaluation plans. SIGMOD Rec., 18(2):358–366,
June 1989.

[62] P. M. Grulich, S. Breß, S. Zeuch, J. Traub, J. v. Bleichert, Z. Chen, T. Rabl, and V. Markl.
Grizzly: Efficient stream processing through adaptive query compilation. SIGMOD, June



https://www.ibm.com/developerworks/java/jdk/
http://en.wikipedia.org/wiki/Java version history


118

1(2):1496–1499, Aug. 2008.
[76] F. L. O. S. K. O. L. H. Karl Rupp, M. Horowitz and C. Batten. Microprocessor trend data.

2020.
[77] A. Kemper and T. Neumann. HyPer: A hybrid OLTP&OLAP main memory database

system based on virtual memory snapshots. In ICDE, pages 195–206, 2011.
[78] T. Kersten, V. Leis, A. Kemper, T. Neumann, A. Pavlo, and P. Boncz. Everything you always

wanted to know about compiled and vectorized queries but were afraid to ask. Proc. VLDB
Endow., 11(13):2209–2222, Sept. 2018.

[79] T. Kersten, V. Leis, and T. Neumann. Tidy tuples and flying start: Fast compilation and fast
execution of relational queries in umbra. VLDB J, 30, 2021.

[80] Y. Klonatos, C. Koch, T. Rompf, and H. Chafi. Building efficient query engines in a
high-level language. PVLDB, 7(10):853–864, 2014.

[81] O. Kocberber, B. Falsafi, and B. Grot. Asynchronous memory access chaining. PVLDB,
9(4):252–263, 2015.

[82] A. Kohn, V. Leis, and T. Neumann. Adaptive execution of compiled queries. In ICDE, pages
197–208, 2018.

[83] M. Kornacker, A. Behm, V. Bittorf, T. Bobrovytsky, C. Ching, A. Choi, J. Erickson,
M. Grund, D. Hecht, M. Jacobs, I. Joshi, L. Kuff, D. Kumar, A. Leblang, N. Li, I. Pandis,
H. Robinson, D. Rorke, S. Rus, J. Russell, D. Tsirogiannis, S. Wanderman-Milne, and
M. Yoder. Impala: A modern, open-source SQL engine for hadoop. In CIDR 2015, Seventh
Biennial Conference on Innovative Data Systems Research, 2015.

[84] K. Krikellas, S. D. Viglas, and M. Cintra. Generating code for holistic query evaluation. In
Data Engineering (ICDE), 2010 IEEE 26th International Conference on, pages 613–624. IEEE,
2010.

[85] T. Lahiri, S. Chavan, M. Colgan, D. Das, A. Ganesh, M. Gleeson, S. Hase, A. Holloway,
J. Kamp, T. Lee, J. Loaiza, N. Macnaughton, V. Marwah, N. Mukherjee, A. Mullick,
S. Muthulingam, V. Raja, M. Roth, E. Soylemez, and M. Zait. Oracle database in-memory:
A dual format in-memory database. In 2015 IEEE 31st International Conference on Data
Engineering, pages 1253–1258, 2015.

[86] T. Lahiri, M. Neimat, and S. Folkman. Oracle timesten: An in-memory database for
enterprise applications. IEEE Data Eng. Bull., 36(2):6–13, 2013.

[87] D. Laney. 3-D data management: Controlling data volume, velocity and variety. Feb. 2001.
[88] H. Lang, T. Mühlbauer, F. Funke, P. A. Boncz, T. Neumann, and A. Kemper. Data blocks:

Hybrid oltp and olap on compressed storage using both vectorization and compilation.
SIGMOD ’16, page 311–326, 2016.

[89] J. Lee, S. Moon, K. H. Kim, D. H. Kim, S. K. Cha, and W.-S. Han. Parallel replication across
formats in sap hana for scaling out mixed oltp/olap workloads. Proc. VLDB Endow.,
10(12):1598–1609, Aug. 2017.



https://www.jcmit.net/memoryprice.htm


http://highscalability.com/blog/2016/9/7/code-generation-the-inner-sanctum-of-database-performance.html
http://highscalability.com/blog/2016/9/7/code-generation-the-inner-sanctum-of-database-performance.html


https://www.gartner.com/doc/2657815/


http://devblogs.nvidia.com/parallelforall/mapd
http://www.tpc.org/tpch/


123 APPENDIX . BIBLIOGRAPHY

[148] I. Trummer, J. Wang, D. Maram, S. Moseley, S. Jo, and J. Antonakakis. Skinnerdb:
Regret-bounded query evaluation via reinforcement learning. In Proceedings of the 2019
International Conference on Management of Data, SIGMOD ’19, page 1153–1170, New York,
NY, USA, 2019. Association for Computing Machinery.

[149] S. Tu, W. Zheng, E. Kohler, B. Liskov, and S. Madden. Speedy transactions in multicore
in-memory databases. In Proceedings of the Twenty-Fourth ACM Symposium on Operating
Systems Principles, SOSP ’13, page 18–32, New York, NY, USA, 2013. Association for
Computing Machinery.

[150] A. Venkat, M. Hall, and M. Strout. Loop and data transformations for sparse matrix code.
In Proceedings of the 36th ACM SIGPLAN Conference on Programming Language Design and
Implementation, PLDI ’15, page 521–532, New York, NY, USA, 2015.

[151] S. D. Viglas. Just-in-time compilation for sql query processing. PVLDB, 6(11):1190–1191,
2013.

[152] S. Wanderman-Milne and N. Li. Runtime code generation in cloudera impala. IEEE Data
Eng. Bull., 37(1):31–37, 2014.

[153] T. Westmann, D. Kossmann, S. Helmer, and G. Moerkotte. The implementation and
performance of compressed databases. ACM Sigmod Record, 29(3):55–67, 2000.

[154] B. Wu, Z. Zhao, E. Z. Zhang, Y. Jiang, and X. Shen. Complexity analysis and algorithm
design for reorganizing data to minimize non-coalesced memory accesses on gpu. In
Proceedings of the 18th ACM SIGPLAN Symposium on Principles and Practice of Parallel
Programming, PPoPP ’13, page 57–68, New York, NY, USA, 2013. Association for Computing
Machinery.

[155] T. Würthinger, C. Wimmer, C. Humer, A. Wöß, L. Stadler, C. Seaton, G. Duboscq, D. Simon,
and M. Grimmer. Practical partial evaluation for high-performance dynamic language
runtimes. PLDI 2017, page 662–676. Association for Computing Machinery, 2017.

[156] T. Würthinger, C. Wimmer, A. Wöß, L. Stadler, G. Duboscq, C. Humer, G. Richards,
D. Simon, and M. Wolczko. One vm to rule them all. Onward! 2013, page 187–204, New
York, NY, USA, 2013. Association for Computing Machinery.

[157] A. X3.135-1992. American national standard for information systems — database language
— sql. November 1992.

[158] S. Zeuch, H. Pirk, and J. Freytag. Non-invasive progressive optimization for in-memory
databases. PVLDB, 9(14):1659–1670, 2016.

[159] J. Zhou and K. A. Ross. Implementing database operations using simd instructions. In
Proceedings of the 2002 ACM SIGMOD International Conference on Management of Data,
SIGMOD ’02, pages 145–156, New York, NY, USA, 2002. ACM.

[160] J. Zhu, N. Potti, S. Saurabh, and J. M. Patel. Looking ahead makes query plans robust.
PVLDB, 10(8):889–900, 2017.

[161] M. Zukowski, S. Heman, N. Nes, and P. Boncz. Super-scalar ram-cpu cache compression. In
22nd International Conference on Data Engineering (ICDE’06), pages 59–59. IEEE, 2006.



124

[162] M. Zukowski, N. Nes, and P. Boncz. Dsm vs. nsm: Cpu performance tradeoffs in
block-oriented query processing. DaMoN ’08, pages 47–54, 2008.


	Abstract
	Acknowledgments
	1 Introduction
	1.1 The Old Guard
	1.2 Improving OLAP Performance
	1.3 Robust Query Processing
	1.4 Thesis Statement
	1.5 Summary of Goals & Contributions
	1.6 Outline

	2 Background
	2.1 Query Processing
	2.2 Query Compilation
	2.3 Vectorized Processing

	3 Relaxed Operator Fusion
	3.1 Motivating Example
	3.2 Overview
	3.2.1 Example
	3.2.2 Vectorization
	3.2.3 Prefetching
	3.2.4 Query Planning

	3.3 Experimental Evaluation
	3.3.1 Workload
	3.3.2 Baseline Comparison
	3.3.3 Optimization Breakdown
	3.3.4 Sensitivity to Vector Width
	3.3.5 Sensitivity to Prefetching Distance
	3.3.6 Multi-threaded Execution
	3.3.7 System Comparison

	3.4 Conclusion

	4 Permutable Compiled Queries
	4.1 Overview
	4.2 Supported Query Optimizations
	4.2.1 Filter Reordering
	4.2.2 Adaptive Aggregations
	4.2.3 Adaptive Joins

	4.3 Experimental Evaluation
	4.3.1 Workloads
	4.3.2 Filter Adaptivity
	4.3.3 Aggregation Adaptivity
	4.3.4 Join Adaptivity
	4.3.5 System Comparison

	4.4 Conclusion

	5 Progressive Code Generation
	5.1 Knowing the Future
	5.2 Overview
	5.2.1 Decomposition
	5.2.2 Scheduling
	5.2.3 Code Generation and Execution

	5.3 Adaptive Optimizations
	5.3.1 Analyzing State
	5.3.2 Compressing State
	5.3.3 Eliding Overflow Checks
	5.3.4 Eliding NULL Checks
	5.3.5 Value Specialization

	5.4 Evaluation
	5.4.1 State Compression
	5.4.2 Overflow Checking
	5.4.3 Join Key Specialization
	5.4.4 TPC-H

	5.5 Related Work
	5.6 Conclusion

	6 Related Work
	6.1 Query Compilation
	6.2 Adaptive Query Processing
	6.3 Adaptive Compiler Techniques

	7 Future Work
	7.1 Inter-Query Optimization
	7.2 Advanced Adaptive Policies
	7.3 Lightweight Recompilation
	7.4 Specialization Outside Query Processing
	7.5 Heterogeneous Hardware

	8 Concluding Remarks
	Bibliography

