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ABSTRACT
Network is a major bottleneck in modern cloud databases that adopt
a storage-disaggregation architecture. Computation pushdown is a
promising solution to tackle this issue, which offloads some compu-
tation tasks to the storage layer to reduce network traffic. Existing
cloud OLAP systems statically decide whether to push down com-
putation during the query optimization phase and do not consider
the storage layer’s computational capacity and load. Besides, there
is a lack of a general principle that determines which operators are
amenable for pushdown. Existing systems design and implement
pushdown features empirically, which ends up picking a limited
set of pushdown operators respectively.

In this paper, we first design Adaptive pushdown as a new mech-
anism to avoid throttling the storage-layer computation during
pushdown, which pushes the request back to the computation layer
at runtime if the storage-layer computational resource is insuffi-
cient. Moreover, we derive a general principle to identify pushdown-
amenable computational tasks, by summarizing common patterns
of pushdown capabilities in existing systems. We propose two new
pushdown operators, namely, selection bitmap and distributed data
shuffle. Evaluation results on TPC-H show that Adaptive pushdown
can achieve up to 1.9× speedup over both No pushdown and Eager
pushdown baselines, and the new pushdown operators can further
accelerate query execution by up to 3.0×.

1 INTRODUCTION
Modern OLAP databases are aggressively moving to the cloud
for high elasticity and low cost. These systems adopt a storage-
disaggregation architecture which manages computation and stor-
age into separate layers. The network between the two layers has
become a major performance bottleneck due to its relatively lower
bandwidth and higher latency [38]. Computation pushdown is a
promising solution to mitigate the network bottleneck, where some
computation logic is sent and evaluated close to the storage, result-
ing in less data returned to the computation layer [5, 7, 9, 46, 47].

In existing cloud OLAP DBMSs, the query execution engine
decides whether to push down computation during the query op-
timization phase. For example, Presto [9] enables pushdown for
all filter operators to S3 by setting a flag in the configuration file
("hive.s3select-pushdown.enabled=true"). However, pushdown in ex-
isting systems does not consider the current storage layer’s compu-
tational capacity and load at the time when the query is executed.
If the storage-layer computation resource is scarce (e.g., due to
multi-tenancy), computation pushdown may hurt performance for
a particular query. Unfortunately, it is difficult and sometimes im-
possible to predict the storage-side computational load ahead of

query execution. Another limitation of existing pushdown systems
is the lack of a general principle that determines which operators are
amenable for pushdown. Existing systems empirically consider only
simple operators such as selection, projection, and aggregation due
to their simplicity and effective traffic reduction. We believe a larger
set of operators can benefit from pushdown and a principle should
exist to decide which operators should be considered.

In this paper, we address both limitations above. To address the
first limitation, we propose an adaptive query processing approach
that adapts the query plan while the query is executed to consider
the current load on storage nodes. We first explore the design space
and analyze the theoretical bound — what is the optimal division
of the computation tasks between pushdown and non-pushdown
to achieve the best overall performance. Then we design Adaptive
pushdown as a new mechanism to avoid throttling the storage-layer
computation during pushdown. Instead of having the database
engine making the pushdown decisions, Adaptive pushdown lets
the storage layer to decide whether to execute an incoming push-
down request, or to push the request back to the computation
layer. When a pushback happens, the computation layer reads the
raw data from the storage layer and processes the task locally. In-
tuitively, pushdown requests should be executed at the storage
layer when sufficient computation resources exist, and pushed back
when the storage layer is saturated. We will demonstrate that the
proposed mechanism can perform close to the theoretical bound.
Evaluation results show that Adaptive pushdown outperforms both
No pushdown and Eager pushdown baselines by up to 1.9× on the
TPC-H [14] benchmark.

To address the second limitation, we derive a general principle
to identify pushdown-amenable computational tasks, through sum-
marizing common patterns of pushdown capabilities in existing
systems. First, pushdown tasks should be local — the pushdown
computation should access data only within a single storage node
and not incur data transfer within the storage layer. Second, push-
down tasks should be bounded — a pushdown task should require
at most linear CPU and memory resources with respect to the
accessed data size. This principle preserves the benefits of storage-
disaggregation, and simplifies resource isolation and security in
a multi-tenant environment. Following the principle above, we
further identify two operators that can benefit from pushdown to
the storage layer — selection bitmap and distributed data shuffle.
Evaluation results show that the two new pushdown operators can
further accelerate end-to-end query processing on TPC-H by up to
3.0× and 1.7× respectively.
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• We develop Adaptive pushdown to leverage storage-layer
computation dynamically, which utilizes a pushback mech-
anism to determine whether a pushdown operator should
be executed in the storage.

• We infer a general principle to determine whether a data-
base operator is amenable to pushdown from existing cloud
OLAP DBMSs, and identify two more common operators
that can benefit from being offloaded to the storage layer —
distributed data shuffle and selection bitmap.

• We implement and integrate Adaptive pushdown and new
pushdown operators into FlexPushdownDB (FPDB) [46],
an open-source C++-based cloud-native OLAP DBMS.

The rest of the paper is organized as follows. Section 2 introduces
the background of pushdown in existing cloud OLAP DBMSs and
illustrates the motivations. Section 3 demonstrates adaptive push-
down and analyzes its theoretical optimum. In Section 4, we present
a general principle of pushdown that is summarized from the im-
plementation of existing cloud OLAP DBMSs, and identify new
pushdown operators. Section 5 reveals additional implementation
details. Section 6 evaluates the performance of both adaptive push-
down and new pushdown operators using FPDB. Finally, Section 7
discusses the related work and Section 8 concludes the paper.

2 BACKGROUND AND MOTIVATION
This section describes the background of computation pushdown
(Section 2.1) and limitations in existing cloud OLAP databases that
support computation pushdown (Section 2.2).

2.1 Computation Pushdown
The concept of computation pushdown was incubated in database
machines since the 1970s. The early systems push computation to
storage via special hardware. Database machines like the Intelligent
Database Machine [39], Grace [21], IBM Netezza data warehouse
appliances [20], and Oracle Exadata Database Machine [42] move
simple functionalities including filtering and projection close to
disks. Other research areas, such as Smart Disks/SSD [18, 22, 24, 29,
43, 45] and processing-in-memory [23, 27] also endorse this spirit.

Cloud databases have emerged in the last decade, with compu-
tation and storage disaggregated, especially for analytical queries.
The disaggregated architecture supports certain amount of com-
putation within the storage layer, so that some operators can be
offloaded to storage to reduce network traffic. For example, S3
Select [7] is a feature inside the S3 [8] storage layer to execute
pushdown tasks including selection, projection, and aggregation.
The actual computation can happen either on the storage servers
(e.g., Aurora [40, 41]), or in a different sub-layer close to the storage
devices (e.g., S3 Select [7], Redshift Spectrum [5], AQUA [11], Azure
Data Lake Storage query acceleration [12]). Systems like Presto [9],
PushdownDB [47], and FlexPushdownDB [46] support pushdown
via S3 Select, and FlexPushdownDB further hybrids pushdown with
caching which benefits from both techniques. Recently, PolarDB-
X [13] has expanded its range of pushdown operators to include
sorting and co-located equi-joins (both joining relations adopt the
same partition function over the join key).

2.2 Limitations of Computation Pushdown in
Existing Cloud OLAP DBMSs

Even though computation pushdown is widely embraced by exist-
ing cloud OLAP DBMSs, there are still restrictions and unexplored
opportunities. In the rest of this section, we demonstrate two major
limitations to motivate the work in this paper.
Limitation 1: Static Pushdown Decisions Made at Planning
Time. Existing cloud OLAP DBMSs make pushdown decisions
during the query optimization phase — the query plan is split into
two pieces, with the pushdown portion executed in the storage layer,
and the rest executed in the computation layer. Once a pushdown
decision is made, it cannot be changed at runtime — a pushdown
task will always be executed at storage. In other words, pushdown
decisions are made eagerly, where the entire pushable subquery
plan is offloaded to the storage.

Eagerly pushing all computation tasks that can be offloaded
may not always benefit query processing, since the storage layer is
in a shared multi-tenant environment, where the amount of com-
putation resource for each request may vary. To build a deeper
understanding, we prototype a S3-like object storage layer within
FPDB, and measure the performance of pushdown using standard
benchmark queries (TPC-H [14], see Section 6.1 for detailed setups)
in different storage-layer resource utilization conditions. Figure 1
presents the results of two sample queries (Q1 and Q19). No push-
down is included as a baseline for comparison.

0.00.20.40.60.81.0
Storage Computational Power

0

10

20

30

40

E
xe

cu
tio

n 
Ti

m
e 

(s
ec

)

(a) Q1

0.00.20.40.60.81.0
Storage Computational Power

0

10

20

30

E
xe

cu
tio

n 
Ti

m
e 

(s
ec

)

(b) Q19

Figure 1: Performance of No pushdown and Eager pushdown on Sam-
ple Queries — Q1 and Q19 in TPC-H.

For both queries, the performance ofNo pushdown is independent
of the available storage-layer computational power (we regard full
storage-layer computational power as all CPU cores at the storage
node are available for pushdown tasks, see Section 6.2). Eager push-
down outperforms No pushdown when the storage has abundant
computational resource, since it offloads computation tasks to the
storage layer which reduces data transfer. However, when storage-
layer computational resource is insufficient, query execution starts
to suffer from the slowdown of pushdown execution. When the
storage layer is saturated, Eager pushdown underperforms No push-
down, and pushdown execution becomes the major performance
bottleneck in the end-to-end query processing.

An ideal solution should consider the storage-layer computa-
tional resource utilization status, and adjust pushdown decisions
at runtime adaptively. Intuitively, when the storage system is idle
or under light load, more computation tasks should be placed and
executed at the storage layer to speed up query processing, which
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behaves close to Eager pushdown. Conversely, when the storage
system is under heavy load, the DBMS should be more inclined to
execute operators at the local compute nodes instead of offloading
them to the storage, to avoid throttling storage-layer computation,
which leads to a behavior similar to No pushdown. We will present
the proposed adaptive pushdown mechanism in Section 3.
Limitation 2: Lack of Systematic Analysis on PushdownOper-
ators. Existing systems design and implement pushdown features
empirically, which end up picking a customized set of pushdown
operators respectively. For example, simple pushdown functionali-
ties like selection, projection, and scalar aggregation are supported
by almost all existing pushdown systems, grouped aggregation is
favored by Redshift Spectrum [5], and pushdown of bloom filters is
introduced in PushdownDB [47].

We aim to conduct a comprehensive analysis of the design space,
to identify key characteristics that contribute to the suitability of a
pushdown operator. We closely examine the behaviors of existing
OLAP DBMSs that offer pushdown support and categorize push-
down operators based on their key features. By deriving a shared
pattern from these observations, we can establish a general princi-
ple that will potentially facilitate the discovery of new pushdown
operators (Section 4).

3 ADAPTIVE PUSHDOWN
With computation pushdown, typically a query plan is split into two
parts: the pushdown portion is executed in the storage layer, and
the remaining part is executed in the computation layer. Existing
cloud OLAP DBMSs execute the query plan with pushdown eagerly,
where the entire pushdown portion of the query plan is placed
and executed in storage. However, as discussed in Section 2.2, this
may be sub-optimal since the storage layer may have insufficient
computational resource at runtime (e.g., due to other pushdown
requests), leading to performance degradation.

Figure 2: Architecture of Adaptive pushdown— TheAdaptive Pushdown
Arbitrator determines whether to accept a pushdown request for execution
or push it back.

We propose that the DBMS should perform computation push-
down in storage adaptively, by taking into account the storage-layer
resource utilization status. The high-level architecture of adaptive
pushdown is shown in Figure 2. Instead of blindly executing all
pushdown tasks in the storage layer, only a portion of tasks that
the pushdown engine can sustain are offloaded. For the rest compu-
tation tasks, only the accessed raw data is returned to the compute
nodes and no pushdown occurs. The two portions of computation
results are then combined at the computation layer.

One major challenge of adaptive pushdown is that it is hard for
the compute nodes to collect accurate statistics from the storage
layer to decide whether a pushable task should be offloaded. Fur-
thermore, even if such information can be accurately collected at
planning time, the resource utilization in the storage layer may
change at runtime. In this section, we develop a pushback mecha-
nism to let the storage layer instead of the computation layer to
make the pushdown decision at runtime.

3.1 Theoretical Analysis
We begin by analyzing the theoretical optimal bound of adaptive
pushdown — the optimal division of the computation tasks between
pushdown and non-pushdown to achieve the best overall perfor-
mance. Specifically, we analyze for the case of a single query
under the following assumptions.

• The query contains 𝑁 pushdown requests submitted to the
storage layer in parallel.

• Each pushdown request consumes the same amount of
computational resource bwpd when admitted, or the same
amount of network resource bwpb when pushed back. The
total available CPU and network bandwidth at storage are
BW cpu and BW net respectively.

• The overall execution time of the pushable query plan por-
tion is Tpd with pushdown enabled, and Tnpd with push-

down disabled, where 𝑇npd
𝑇pd

= 𝑘 . Intuitively, 𝑘 determines
the maximum speedup that any pushdown technique can
possibly achieve.

We use the following terms to describe the pushdown decisions
made at the storage layer.

• Among 𝑁 pushdown requests arriving at the storage, 𝑛
requests are admitted and 𝑁 − 𝑛 requests are pushed back.

• The admitted pushdown requests result in an overall exe-
cution time of 𝑇pd_part, and requests that are pushed back
lead to an overall execution time of 𝑇pb_part.

Since the admitted pushdown requests at the storage layer and
the pushback requests at the computation layer are executed in
parallel, the overall execution time of the pushable portion in the
query plan can be formulated as follows (Equation 1).

𝑇 =𝑚𝑎𝑥 {𝑇pd_part , 𝑇pb_part} (1)

In the optimal case, the storage layer would have a global view of
all requests that it will receive ahead of the query execution. There-
fore, an optimal split of the pushdown requests for admission and
pushback can be constructed. Intuitively, with more pushdown re-
quests admitted at the storage,𝑇pd_part becomes larger, and𝑇pb_part
gets smaller, and vice versa. The overall execution time obtains the
minimum when these two terms are equal, namely:

𝑇opt = 𝑇pd_part = 𝑇pb_part (2)

We assume the pushdown tasks are bounded by CPU compu-
tation and pushback tasks are bounded by network. Therefore,
Equation 2 can be further expanded as follows (Equation 3).

𝑛 · 𝑏𝑤pd
𝐵𝑊cpu

=
(𝑁 − 𝑛) · 𝑏𝑤pb

𝐵𝑊net
(3)

Tpd and Tnpd can be expressed similarly (Equation 4).
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𝑇pd =
𝑁 · 𝑏𝑤pd
𝐵𝑊cpu

, 𝑇npd =
𝑁 · 𝑏𝑤pb
𝐵𝑊net

(4)

Since we know 𝑇npd
𝑇pd

= 𝑘 by assumptions, we plug it into Equa-
tion 4 and obtain Equation 5.

𝑘𝑁 · 𝑏𝑤pd
𝐵𝑊cpu

=
𝑁 · 𝑏𝑤pb
𝐵𝑊net

(5)

Combining Equation 5 and Equation 3, we can express 𝑛 as
follows (Equation 6).

𝑛 =
𝑘

𝑘 + 1
𝑁 (6)

Additionally, the optimal execution time can be expressed as
follows (Equation 7).

𝑇opt =
𝑘

𝑘 + 1
𝑇pd =

1
𝑘 + 1

𝑇npd (7)

Intuitively, a larger𝑘 means a higher speedup through pushdown,
leading to more tasks executed in the storage (𝑛 being larger). Even
when the pushdown layer processes tasks slower than the compute
layer (𝑘 < 1), it can still accelerate the system by offloading some
computation. When the pushdown layer is extremely slow or does
not exist (𝑘 = 0), all tasks are pushed back to the compute layer and
no pushdown occurs. Note the optimum (Equation 6) can only be
approximately satisfied in practice, since the number of pushdown
and pushback tasks can only be integers. For example, assume a
query submits ten requests to storage, and the optimal division of
pushdown and pushback tasks is 7.7 versus 2.3. In practice we have
to round them to the closest integers, i.e., execute eight requests at
the storage and push back the rest two requests.

3.2 Pushback Mechanism
In our design, the compute nodes always try to offload all push-
down tasks as if the storage has abundant computational resource.
When the storage server receives a pushdown request, the Adap-
tive Pushdown Arbitrator (see Figure 2) determines whether the
pushdown request should be accepted and executed. If the storage
server is busy, the pushdown request is rejected and the computa-
tion task is pushed back, in which case the raw data is returned and
processed at the compute node as if pushdown did not happen. The
query plan at the computation layer is then dynamically adjusted
to accommodate the pushback.

Algorithm 1 illustrates the pushback mechanism deployed at
the storage layer. It is invoked when a new request arrives or a
running request completes. The state maintained in the pushdown
node includes a wait queue (Qwait), which is used to buffer excess
pushdown requests when the server is under heavy load, and a
finite set of execution slots (Sexec-pd, Sexec-pb) for both pushdown and
pushback executions, to help isolate performance among different
executions and avoid throttling. We assume all incoming requests
are first enqueued into Qwait.

For each request in the wait queue (line 1–2), we begin by esti-
mating the execution time for both pushdown and pushback (lines
3–4), which are classified as the faster path and slower path re-
spectively through comparison (line 5). The details on the time
estimations will be discussed in Section 3.3. The Adaptive Push-
down Arbitrator first tries to assign the request to the faster path

Algorithm 1: Pushback Mechanism at the Storage Layer
State :wait queue: Qwait, pushdown execution slots: Sexec-pd

pushback execution slots: Sexec-pb
Assume :all incoming requests are first enqueued into Qwait

1 while Qwait is not empty do
2 req = Qwait .front()
3 tpd = estimate_pushdown_time(req)
4 tpb = estimate_pushback_time(req)
5 if tpd < tpb then
6 success = try_pushdown(req, Sexec-pd) or
7 try_pushback(req, Sexec-pb)
8 else
9 success = try_pushback(req, Sexec-pb) or

10 try_pushdown(req, Sexec-pd)

11 if success then
12 Qwait .dequeue()
13 else
14 break

(line 6 and line 9). If the assignment is not successful due to re-
source contention — the corresponding execution slots are full, the
Arbitrator then tries to assign the request to the slower path (line 7
and line 10). If at least one assignment is successful, the request is
removed from the wait queue and executed correspondingly, and
we start evaluating the next request in the wait queue. Otherwise,
the process stops since currently both computation and network
resources are saturated. The intuition here is that the storage server
should balance the resource utilization between CPU and network
at runtime adaptively.

3.3 Lightweight Model for Time Estimation
There are potentially many ways to estimate the execution time of
pushdown and pushback aforementioned. For simplicity, we choose
a straightforward formulation to represent them by the estimated
total amount of work (measured in time).
Pushdown Time. The pushdown execution consists of three com-
ponents: data scanning, computation, and network transfer of push-
down results (Equation 8).

𝑡pd = 𝑡scan + 𝑡compute + 𝑡net (8)

tcompute and tnet can be estimated as follows (Equations 9).

𝑡compute =
𝑆in

𝐶storage
, 𝑡net =

𝑆out
𝐵𝑊net

(9)

Sin and Sout denote the size of accessed data and pushdown re-
sults. For row-oriented formats (e.g., CSV), Sin is the size of the input
data object. For column-oriented formats (e.g., Parquet), Sin is the
size of all accessed columns. Sout is subject to the selectivity of the
pushdown operation, which can be estimated using cardinality esti-
mation techniques [25, 28]. Cstorage refers to the computation band-
width at storage, depending on the type of the pushdown operation
and the number of requested CPU cores. tcompute can be computed
by either estimating Cstorage by performing micro-benchmarks on
different operators at the storage servers, or utilizing existing tech-
niques of execution time estimation [17, 19, 30, 32, 44]. As assumed
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in Section 3.2, a fixed amount of network bandwidth is dedicated
to each pushdown request, so BW net is a known constant.
Pushback Time. The execution time for a request that is pushed
back to the computation layer can be modeled by data scanning and
raw data transfer. Here we ignore the computation in the compute
layer, since in a storage-disaggregated architecture, usually raw
data transfer dominates the pushback time so the computation
component has little effect (in Section 4.1 we observe most existing
pushdown operators are bounded). Besides, the storage layer is
unaware of the computation bandwidth of the compute nodes,
which can vary across different users.

𝑡pb = 𝑡scan + 𝑡 ′net (10)

t’net can be estimated as follows (Equation 11).

𝑡 ′net =
𝑆in

𝐵𝑊net
(11)

Finally, note that a detailed analysis on tscan (time to scan data
from disks in the storage) is unnecessary, since it is included in
both pushdown time and pushback time, and will cancel each other
when compared in Algorithm 1 (line 5).

3.4 Awareness of Pushdown Amenability
The wait queue deployed in Algorithm 1 manages the arriving push-
down requests in a FIFO order, which treats all the requests identical.
However, some requests benefit more on pushdown compared to
other requests (e.g., the request has a selective filter but incurs
little computation). Intuitively, these pushdown-amenable requests
should be given a higher priority to be executed in the pushdown
path than the requests that cannot benefit a lot by pushdown.

Consider a scenario where the wait queue contains two requests:
𝑟1 with 𝑡pd = 3 and 𝑡pb = 4, followed by 𝑟2 with 𝑡 ′pd = 1 and 𝑡 ′pb = 4.
The two requests have the same estimated pushback time but differs
on the estimated pushdown time. Assume at a moment one request
can be admitted for pushdown execution and the other needs to be
pushed back. Algorithm 1 would first evaluate 𝑟1 and places it into
the pushdown path, then evaluate 𝑟2 with it pushed back. However,
a better solution would be to push back 𝑟1 instead of 𝑟2, since 𝑟2
incurs a lower execution time by pushdown.

Given a request, we define PushdownAmenability as the potential
benefit of pushdown compared to pushback, which can be expressed
as follows (Equation 12).

𝑃𝐴 = 𝑡pb − 𝑡pd (12)

At runtime, the Adaptive Pushdown Arbitrator keeps the wait
queue sorted by the PA value of the requests. Pushdown execu-
tion always consumes the request with the highest PA value, and
pushback execution does the reverse. In the example shown above,
𝑃𝐴(𝑟1) = 1 and 𝑃𝐴(𝑟2) = 3, such that the storage server would
consider executing 𝑟2 in the storage and pushes 𝑟1 back. Compared
to Algorithm 1, the invariant here is the full utilization of both the
computational and network resources. However, the total amount of
consumed CPU and network resources are potentially decreased.

4 ANALYSIS OF PUSHDOWN OPERATORS
In this section, we aim to obtain a comprehensive understanding
of the effects of computation pushdown to cloud OLAP DBMSs.

We collect the supported pushdown operators in existing cloud
DBMSs, and by observing the common patterns, we derive a gen-
eral principle about whether an operator is amenable to pushdown
(Section 4.1). Following the principle, we further identify two oper-
ators that can benefit from pushdown to the storage, in particular,
selection bitmap and distributed data shuffle (Section 4.2).

4.1 Key Characteristics
Computation pushdown in existing cloud OLAP DBMSs generally
target intuitive pushdown operations. For example, selection, pro-
jection, and aggregation are mostly considered due to the ease of
design and development, as presented in Table 1. Besides these
simple pushdown functionalities, different systems adopt a cus-
tomized set of pushdown operators. For instance, pushdown of
grouped aggregation is incorporated by Redshift Spectrum. Push-
downDB supports pushdown of grouped aggregation, top-K, and
bloom filters using existing APIs of S3 Select. However, due to the
intrinsic restrictions of S3 Select interfaces, the implementations
are not as efficient as they could be. For example, pushdown of
grouped aggregation has to be processed in two phases, resulting
two rounds of data exchange. Besides, bloom filters are required to
be serialized explicitly into strings with 0s and 1s, which is space-
and computation-inefficient. Moreover, PolarDB-X enables push-
down for a specific type of join, that requires both tables to be
co-partitioned on the join key.

We conclude the following key characteristics from Table 1 that
contribute to the suitability of a pushdown operator.

Key Characteristics of Pushdown. The required storage-layer
computation is local and bounded.

Characteristic 1: Locality. Locality means the computation tasks
placed at the storage layer do not incur any network traffic across
the storage servers — the traffic occurs only between the storage
layer and the computation layer.
Analysis of Operators. Simple pushdown logics like selection, projec-
tion, and scalar aggregation comply with locality, since no network
traffic is incurred across storage nodes. The same rationale also
applies to operators including grouped aggregation, bloom filter,
top-K, sort, where the computation functionality can be performed
on each individual data object.

The general join does not embrace locality, unless the two joining
relations are co-partitioned using the join key. Otherwise the data
needs to be shuffled across the network to redistribute the tables.
PolarDB-X supports pushdown of co-partitioned joins. Another
example of non-local operator isMerge, which combines the output
of multiple upstream operators (e.g., select, project, aggregate, sort,
etc.). Merge requires data exchange within the storage layer since
data objects are typically spread across multiple storage severs,
making it a non-local operation. As Table 1 shows, none of the
existing cloud DBMSs supports pushing merge to the storage.
Potential Advantages. We believe locality is an important charac-
teristic for pushdown operators for three reasons. First, a push-
down environment must support multi-tenancy. Forbidding data
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Table 1: Supported Pushdown Operators in Existing Cloud OLAP DBMSs — Systems supporting pushdown via S3 Select with no additional enhancement
are represented as S3 Select (e.g., Presto). Marked with *: Pushdown of grouped aggregation and bloom filters are not efficiently supported by PushdownDB,
join pushdown in PolarDB-X requires both tables co-located on the join key, and top-K pushdown in PolarDB-MySQL requires indexes on the sort key.

Operator Selection Projection Scalar Aggregation Grouped Aggregation Bloom Filter Top-K Sort Join Merge

Redshift Spectrum ✓ ✓ ✓ ✓

AQUA ✓ ✓ ✓

S3 Select ✓ ✓ ✓

PushdownDB ✓ ✓ ✓ ✓∗ ✓∗ ✓

Azure Data Lake
Query Acceleration ✓ ✓ ✓

PolarDB-X ✓ ✓ ✓ ✓ ✓ ✓ ✓∗

PolarDB-MySQL ✓ ✓ ✓ ✓∗

exchange across storage servers can reduce the performance vari-
ations in pushdown tasks (e.g., due to network interference and
queueing). Second, cloud storage must be encrypted using proto-
cols like TLS [35] during data transfer. Local operators avoid the
complexity of encryption and decryption across storage servers
(e.g., distributing private keys). Third, local pushdown keeps the
design of the storage layer simple, since it needs to support the
server-side functionalities of client-server APIs.
Characteristic 2: Boundedness. Bounded implies that pushdown
tasks should only require linear amount of CPU and memory re-
sources with regard to the accessed data size.
Analysis of Operators. Selection, projection, and scalar aggregation
are linearly bounded since the CPU consumption is linear to the size
of the processed data, and the memory consumption is a constant.
Grouped aggregation consumes linear CPU and linear memory ca-
pacity. Bloom filter can be regarded as a special regular filter which
is thus also linearly bounded. Top-K is typically implemented using
a max or min heap which consumes 𝑂 (𝐾) memory and 𝑂 (𝑁𝑙𝑜𝑔𝐾)
execution time, where 𝑁 is the size of the input data. The variable
𝐾 is a constant and typically much smaller than 𝑁 , making the time
complexity also linear in 𝑁 .

The computation complexity of the sort operation is not linearly
bounded. The boundedness of the join operator depends on the
cardinality of its output. In a key-foreign key join, the output size is
bounded by the larger table, which also serves as the upper bound
for both memory usage and computational complexity. However, if
the join is not an equi-join, it needs be computed using a nested loop,
resulting in complexity that grows beyond linear. Only PolarDB-X
incorporates join pushdown for co-partitioned tables.
Potential Advantages. Supporting only bounded operators preserves
the key benefits of storage-disaggregation, where the storage ser-
vice scales only based on the volume of the stored data, regardless
of the computational resource consumption of the workloads. If
pushdown operators are not bounded (linearly), the computational
resource consumption may grow beyond the scale of the store
data, which requires the storage servers to balance between storage
and computational needs, which defeats the purpose of storage-
disaggregation.

4.2 Proposed Pushdown Operators
Following the key characteristics derived from existing systems, we
identify two new operators that can also benefit from pushdown to
storage, but have not been deeply investigated previously.
SelectionBitmap. Latematerialization is widely adopted by colum-
nar OLAP engines, as demonstrated by various previous stud-
ies [15, 31, 33, 34, 37]. Selection bitmaps are one common technique
embracing late materialization, and DBMSs frequently filter colum-
nar data using selection bitmaps. For instance, when selecting a
column based on a filter predicate on another column, the predicate
column is read in first to generate a selection bitmap. This bitmap
is then used to filter the selection column. Similar ideas appear in
joins, where the join columns will generate a bitmap, which is used
to select the non-join columns.

However, with storage-disaggregation becoming more prevalent,
selection bitmaps and the columns they filter are often situated
on opposite ends of the network. For example, the column to be
selected may reside in the local cache of compute nodes, while the
predicate column is stored in the remote cloud storage. Traditionally,
it is necessary to transfer either column over the network to process
the filter. A better solutions is to ship the selection bitmap instead,
which can potentially result in much less network traffic.
Selection Bitmap from the Storage Layer. Selection bitmaps can be
transferred from the storage to the computation layer when they
can only be created at the storage layer. We use the query below as
an example to demonstrate how selection bitmap pushdown works.
The query essentially evaluates a filter predicate on attribute 𝐵 and
returns both columns 𝐴 and 𝐵.

SELECT A, B FROM R

WHERE B > 10

Listing 1: An Example Filtering Query.

Assume column 𝐴 is stored in the local cache, as Figure 3 shows.
Conventionally, the DBMS needs to load the missing column 𝐵 and
evaluate the filter locally (Figure 3(a)) (it is also possible that the
DBMS pushes down the entire scan and loads both filtered 𝐴 and
𝐵). The hybrid solution proposed in [46] also requires the predicate
column 𝐵 loaded to the compute node. Figure 3(b) illustrates the
case when selection bitmap pushdown is enabled. The storage layer
first constructs a selection bitmap by evaluating the filter predicate
on column 𝐵. Then the bitmap is sent to the compute node, where
column 𝐴 is loaded from the cache and filtered by applying the
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(a) Conventional (b) With Selection Bitmap Pushdown

Figure 3: Selection Bitmap Pushdown (from the Storage Layer) — The
selection bitmap constructed at storage can be used to filter cached data at
the computation layer.

bitmap. At the same time, the filtered column 𝐵 is returned from
storage. Finally, filtered 𝐴 and 𝐵 are merged at the compute node.
Selection Bitmap from the Computation Layer. Similarly, the storage
can utilize selection bitmaps constructed at the computation layer
to perform filtering. We use the same example query as above
(Listing 1) and assume column 𝐵 is cached instead, as Figure 4
shows. Conventionally, the storage layer must scan both columns
𝐴 and 𝐵 to evaluate the filter (Figure 4(a)). With selection bitmap
pushdown, as Figure 4(b) demonstrates, the compute node can
construct a selection bitmap when filtering 𝐵 from the local cache.
The bitmap is then sent to storage such that the storage server
can perform filtering without loading the predicate column 𝐵 from
disks. Moreover, the CPU cycles used to compute the selection
bitmap are eliminated at the storage layer.

Selection bitmap pushdown essentially is a variant of filtering
pushdown, and hence is both local and bounded.

(a) Conventional (b) With Selection Bitmap Pushdown

Figure 4: Selection Bitmap Pushdown (from the Computation Layer)
— Storage can use the compute-layer selection bitmap to perform filtering
without touching the predicate column.

Discussion on the Design Space. Selection bitmap pushdown from the
storage layer and the computation layer complements each other,
as one of them is always applicable depending on where the data
columns locate. In practice, filter predicates are often composed
of multiple sub-predicates connected by ‘AND’ or ‘OR’, and these
sub-predicates may themselves be composite. In these situations,

a fine-grained execution framework can be used to combine the
benefits of both storage-side and compute-side selection bitmaps.
For example, on evaluating the predicate “(𝐴 or 𝐵) and 𝐶”, assume
columns𝐴 and 𝐵 are cached. We can assign the sub-predicate “𝐴 or
𝐵” to be evaluated at the compute layer, while the rest “𝐶” is left to
storage. Both evaluations construct selection bitmaps and are ex-
changed, allowing for the formation of a complete selection bitmap
that corresponds to the input filter predicate through inexpensive
bitwise operations. Subsequently, the complete selection bitmap
is used to filter both the cached columns at the computation layer
and the uncached columns at the storage layer.
Distributed Data Shuffle. Traditionally, distributed data shuffle
is executed in the computation cluster. This usually happens in a
situation when data is loaded from the storage layer and a redistri-
bution step is involved next. For example, when the downstream
operator is a hash-join and the two joining relations need to be
redistributed based on the join key. Figure 5(a) demonstrates the
data flow when shuffle is not offloaded to the storage layer. The raw
data is initially loaded from the storage devices and processed in
the storage layer (Step 1, e.g. selection and projection pushdown).
The results are then sent back to the compute nodes as input of
the shuffle operation (Step 2). Then the data is partitioned (hash-
based, range-based, etc) on the partition key and redistributed to
the appropriate compute nodes (Step 3).

(a) No Shuffle Pushdown (b) With Shuffle Pushdown

Figure 5: Distributed Data Shuffle Pushdown — Data is directly redis-
tributed to the target compute node from the storage layer.

Figure 5(b) presents the proposed design where we push the
shuffle operators into the storage layer. In this case, the processing
of the pushdown tasks is initiated on the storage servers without
shuffling (Step 1). Before returning the pushdown results to the
computation layer, the data is partitioned and directly forwarded
to the appropriate target computation nodes (Step 2). Essentially,
the new shuffle design merges steps 1 and 2 in the previous design
into a single step and execute in the storage layer.

The computation layer needs to send some key parameters to the
storage layer for it to conduct the shuffle operator. These include
a partition function, the partition key, and the identifiers of the
target compute nodes (such as IP addresses and keys) which the
shuffled results are returned to. In our implementation, pushdown
requests are sent per data partition, and the parameters used in
shuffle processing are attached to each pushdown request when sent
to the storage layer. For example, assume there are four compute
nodes and eight data partitions in the storage layer. Each compute
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node would have two corresponding data partitions, and thus send
two pushdown requests accordingly. The shuffle operation for a
data partition is initiated once its upstream operators are finished
(e.g. scan, filter).

There are two approaches for a storage server to transfer shuffled
data to target compute nodes: (1) actively pushing the data to the
compute nodes, or (2) buffering the shuffled results locally and
waiting for compute nodes to request. We chose the latter approach
since the target compute nodes may not be immediately ready to
receive the data when the storage server issues the transmission.
However, the storage server has limited memory space and should
not indefinitely write shuffled results to the local buffer. The storage
server will set an upper bound on the local buffer size; when the
local buffer is full, the shuffle operator will throttle until the local
buffer is drained by the target computation node.

Pushdown of distributed data shuffle is local since it does not
incur network traffic across the storage servers — data is solely
transferred from storage to the computation layer. It is also bounded
because essentially it involves scanning of the input data and as-
signing records to their corresponding partitions, which consumes
CPU and memory resource linearly.
Interact with Cached Data. It is non-trivial to exploit the data in
the cache while performing shuffle pushdown, since the shuffle
operation changes the data distribution, which means the cached
data may not be directly applicable to downstream operators.

The most straight forward method is to ignore the cached data
when pushing shuffle to the storage layer — the entire table is
redistributed to the compute nodes from the storage. A better solu-
tion is to perform the same shuffle function to the cached columns
within the compute cluster, and only brings back shuffle results on
uncached columns from the storage. The advantages are two-fold.
First, in a 𝑛-node cluster, a portion of roughly 1

𝑛 network traffic of
redistributed data can be saved. To explain, assume the raw data
is initially uniformly distribute into the 𝑛 nodes and the shuffle
function evenly partitions the data across the cluster. Then in each
node, around 1

𝑛 of the data will be redistributed to itself, and the
rest is forwarded to other nodes. Second, the network bandwidth
within the compute cluster is usually higher than the bandwidth
between the computation and storage layer, and reading cached
data is more efficient than loading data from the storage devices.

However, it may not be applicable to perform the shuffle function
over the cached data, which depends on the existence of the shuffle
columns in the cache. To tackle this, we can apply the similar idea
of selection bitmap pushdown. When processing the partitioning
function, the storage layer can generate a position vector, which
represents the compute node that each row should be redistributed
to. For a 𝑛-node compute cluster, each position value requires 𝑙𝑜𝑔2𝑛
bits, making the position vector a lightweight data structure.
Interact with the Upstream Operator. The rationale above can be gen-
eralized when the shuffle operation is not the direct downstream
operator of data scan — it may be performed on intermediate re-
sults of computation like filtering, aggregation, and join. The input
data produced by the upstream operator can be divided into local
portion — produced within the compute layer, and remote portion
— produced within the storage layer (i.e. pushdown), which can be
regarded as cached data and uncached data respectively.

5 IMPLEMENTATION
In this section, we discuss additional implementation details that
have not been discussed in previous sections.

5.1 DB Engine and Storage Layer
FPDB is an open-source cloud-native OLAP DBMS. The latest FPDB
includes both a computation layer and a storage layer. The compu-
tation layer is derived from [46] with several key enhancements,
including integration with Apache Calcite [1] as a query optimizer,
support for distributed query processing by spawning actors [16]
remotely across computation nodes at runtime, and enrichment
of its supported operators (outer join, top-K, etc.) and expressions
(case, string functions, date functions, etc.).

The latest FPDB also includes a storage layer. To enable cus-
tomized pushdown features, we develop an open-source storage
layer with pushdown capabilities. Data objects are stored on file
systems located on locally attached SSDs, which could be accessed
by compute nodes through gRPC [4] calls.

5.2 Pushdown Execution
At the planning time, FPDB performs a tree traversal over the
query plan from the optimizer. From the leaf nodes (i.e. scan), the
pushdown portion expands until reaching an operator (e.g. join)
that cannot be executed at storage.

Arrow Flight [10] is leveraged for transferring uncompressed
Arrow data from the storage to the compute nodes. Arrow Flight
enables wire-speed, zero-copy, and serialization-free data transfer
by sending data in Arrow IPC format [3], which can be processed
directly by FPDB’s executors. Pushdown requests are encapsulated
in Arrow Flight Tickets and sent to the storage nodes to process.
Each pushdown request contains a serialized query plan instead
of a plain SQL dialect [7, 12], to avoid redundant query parsing
and planning at storage. Moreover, we observe inefficiency when
transferring large data between actors residing in different nodes,
and therefore also utilize Arrow Flight for data transfer within the
compute cluster.

For pushdown operators with bitmaps (selection bitmap, bloom
filter), FPDB wraps bitmaps into single-column Arrow tables for
low serialization overhead. In adaptive pushdown, when the storage
decides to push back a request, a special Flight error will be returned
to the computation layer, where the corresponding compute node
will issue a another RPC call to retrieve the compressed raw data.

6 EVALUATION
In this section, we evaluate the performance of adaptive pushdown
and new pushdown operators using standard OLAP benchmarks.

6.1 Experimental Setup

Hardware Configuration. We conduct all the experiments on
AWS EC2 virtual machines. We use r5.4xlarge instances (which
costs $1.008 per hour in US-East-2 pricing) with 16 vCPU, 128 GB
memory, and up to 10 Gbps network bandwidth in the computation
layer. The storage layer is set up on r5d.4xlarge instances (which
costs $1.152 per hour in US-East-2 pricing), with 16 vCPU, 128 GB
memory, up to 10 Gbps network bandwidth, and two 300 GB local
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NVMe SSDs. All servers run the Ubuntu 20.04 operating system. For
experiments with distributed data shuffle pushdown, we configure
both the compute layer and the storage layer to 4-node clusters.
Otherwise, we configure both layers to a single instance.
Benchmark.We use the widely adopted data analytics benchmark,
TPC-H [14]. TPC-H contains 22 queries in total. We use a scale
factor of 100 (100 GB data set when uncompressed) for experi-
ments with distributed data shuffle pushdown, and a scale factor of
50 (50 GB data set when uncompressed) otherwise. Each table is
sharded into partitions of roughly 150 MB when using CSV format.
Table partitions are converted to Parquet [2] format and evenly dis-
tributed to local disks of the storage instances. All the experiments
are conducted using the Parquet data.
Measurement. We measure the execution time and other relevant
metrics (e.g., network traffic, number of admitted requests, etc.) for
each experiment. For each query, we run three times and record the
average execution time. Since selection bitmap pushdown needs to
interact with the local cache of FPDB, we conduct separate experi-
ments to evaluate its performance. Specifically, each experiment
consists of a warm-up query that populates the data into the cache,
and an execution query where the performance is measured.

6.2 Evaluating Adaptive Pushdown
In this section, we evaluate the performance of adaptive pushdown
in different storage-layer computational resource conditions. This
can be affected by both the CPU power of the storage server, and
its computational resource usage. We emulate the storage-layer
computational resource status by varying the number of available
CPU cores for pushdown tasks (with a storage computational power
of 1 meaning that all CPU cores are available). Since FPDB is built
on top of the actor framework [16], we achieve this by configuring
the maximal number of threads that can be exploited by the actor
system scheduler. At each time we measure the performance of a
single query.
Overall Performance. Figure 6 compares the execution time of No
pushdown, Eager pushdown, and Adaptive pushdown under different
computational resource utilization status in the storage. Results are
normalized to No pushdown. When the computational resource at
storage is abundant for pushdown execution (i.e., storage computa-
tional power is higher than 0.5), Eager pushdown outperforms No
pushdown and is only slightly affected by the computational power
at storage. As the storage computational power decreases, push-
down execution gets throttled and gradually becomes the major
bottleneck, making Eager pushdown underperform No pushdown
when the storage-layer computational resource is scarce.

The performance of Adaptive pushdown is consistently better
than both baselines. Specifically, when the storage computational
power is high, it performs similarly to Eager pushdown, and when
the storage server is tiny or under heavy burden, its performance
degrades less than Eager pushdown and can still slightly outperform
No pushdown. In situations where the storage computational power
falls between these two extremes, adaptive pushdown achieves the
best of both worlds. When the performance of No pushdown and
Eager pushdown breaks even, Adaptive pushdown outperforms both

baselines by 1.5× on average, and queries including Q1, Q6, Q8,
Q17, and Q19 achieve a speedup of 1.9×.

With pushdown enabled, the sensitivity on the storage-layer
CPU utilization varies among different queries. Most queries (15 of
all) expose a high sensitivity when executed with pushdown. For
example, the performance of Eager pushdown of Q1, Q12, Q19, and
Q22 is greatly impact by the storage-layer computational power, and
starts to degrade even when the storage-layer CPU resource is not
scarce. In these queries, the performance improvement of Adaptive
pushdown is prominent since the pushable portion of the query plan
dominates the end-to-end execution time, and Adaptive pushdown
mitigates the issue of resource contention at storage when the
pushable subquery plan is processed. For the remaining queries,
the performance of Eager pushdown is not very sensitive to the
storage-layer computational power (e.g., Q2, Q3, and Q18), where
the execution time is dominated by non-pushable operators. In
these queries, Adaptive pushdown only shows its superiority when
the available computational resource at storage is extremely low.
For example, Adaptive pushdown in Q2 outperforms both baselines
by 1.2× when the storage-layer computational power is 25%.
Case Study. To get a deeper understanding of the performance
benefits, we conduct detailed analysis on two representative queries.
We pick Q14 as the representative query that benefits significantly
from computation pushdown, and Q12 as the representative query
that benefits less.

We measure the number of admitted pushdown requests at the
storage layer in each experiment. Figure 7 shows the results of
the heuristics used in the pushback mechanism (Algorithm 1). For
both queries, with the the storage computational power decreas-
ing, fewer pushdown requests are admitted to be executed on the
storage server, and more requests are pushed back to the compute
layer. Compared to Q12, pushbacks in Q14 are less frequent since
it achieves a higher maximal pushdown speedup, such that more
tasks are executed in the storage.

We further evaluate the gap between the pushback heuristics
and the theoretical optimal bound (Section 3.1), by comparing the
number of actual admitted pushdown requests in the storage with
the theoretical result obtained from Equation 6. Overall we observe
a very small relative gap between the heuristics and optimal (1% on
Q12 and 2% on Q14), and in some cases pushback heuristics achieve
the optimal bound (e.g., for Q12 when the storage computational
power is less than 25%). This demonstrates that the pushback mech-
anism is able to find a proper division of the computation tasks
between pushdown and non-pushdown.

Figure 8 compares the incurred network traffic between the stor-
age and compute layers among different pushdown strategies. The
network traffic of No pushdown and Eager pushdown both remain
consistent, and Eager pushdown reduces network traffic up to an
order of magnitude. The network usage of Adaptive pushdown is
sensitive to the storage-layer computational power, since it adap-
tively adjusts the ratio between assigned pushdown and pushback
tasks, such that both CPU and network resources at the storage
server can be fully utilized.

Figure 9 shows the performance breakdown on the two repre-
sentative queries. We present three cases where the storage-layer
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Figure 6: Performance Evaluation of Adaptive Pushdown on TPC-H (normalized to No pushdown).
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Figure 7: Comparison between Pushback Heuristics and the Theo-
retical Optimal Bound.
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Figure 8: Network Traffic Measured on Two Representative Queries
(Q12 and Q14).
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Figure 9: Performance Breakdown on Two Representative Queries
(Q12 and Q14).

computational power is high, medium, and low, respectively. The ex-
ecution time of the non-pushable portion of the query plan remains
stable in all cases. Compared to fetching raw data from the storage
in No pushdown, the overhead of pushback executions in Adaptive
pushdown is consistently smaller. Similarly, the execution time of
pushdown executions in Adaptive pushdown is always lower than it
in Eager pushdown. Additionally, in Adaptive pushdown pushdown
and pushback executions happen in parallel, and the performance
is determined by the slower execution path. In both queries we

observe a similar execution time between pushdown and pushback
executions, denoting our algorithm is able to find a proper division
between pushdown and pushback tasks and balance the usage of
CPU and network resources.
Awareness of Pushdown Amenability. Next we evaluate Adap-
tive pushdown when the pushdown requests have different push-
down amenabilities. Within a single query, pushdown amenability
typically appears to be similar, since TPC-H dataset embraces a
uniform distribution among different data partitions. Therefore
in this experiment, we execute multiple queries simultaneously.
Specifically, we pick a combination of two queries, Q12 and Q14,
where one query (Q14) benefits significantly from pushdown and
the other query (Q12) is less pushdown-amenable.
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Figure 10: Evaluation of Awareness of Pushdown-Amenability in
Concurrent Executions.
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Figure 11: Number of Admitted Pushdown Requests at storage in
Concurrent Executions.

Figure 10 compares the original Adaptive pushdown and Adaptive
pushdown that is aware of pushdown amenability. No pushdown and
Eager pushdown baselines are also added. Both original Adaptive
pushdown and Pushdown-Amenability-aware (PA-aware in short)
Adaptive pushdown outperform the two baselines. Compared to the
original Adaptive pushdown, PA-aware Adaptive pushdown further
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Figure 12: Resource Usage in Concurrent Executions (CPU usage is
measured by the total CPU time that is normalized to the time of 1 vCPU).

improves the performance of both concurrent queries, where Q12
is accelerated by up to 1.2× and Q14 is improved by up to 1.9×. An
interesting observation on Q14 is that the performance is sometimes
even improved with lower storage computation power (e.g., 0.3).
This is because the performance gap between the two concurrent
queries are increased, such that the contention on the non-pushable
portion in the compute layer is mitigated — the slower query (Q12)
has not entered the non-pushable portion when the faster query
(Q14) has completed.

To understand the achieved performance improvement, we trace
the number of admitted pushdown requests for both queries respec-
tively, which is shown in Figure 11. Overall, we observe a decrease
for the number of admitted pushdown requests on Q12 but an in-
crease on Q14. This is because the requests of Q14 have a potentially
larger pushdown benefit, and they are prioritized to be executed
at the storage layer. Correspondingly, more requests of Q12 are
pushed back to the compute layer. It is interesting to note that the
performance of Q12 does not degrade but is even slightly improved,
where the reasons are two-fold. First, the difference of the execution
time between the pushback path and pushdown path on Q12 is
not significant, so a small number of more pushback execution do
not hurt the performance. Second, since the requests of Q14 are
executed more efficiently, the time spent in the wait queue for the
requests of Q12 decreases.

We further investigate the resource usage of CPU and network,
which is demonstrated in Figure 12. No pushdown and Eager push-
down baselines are added for reference. PA-aware Adaptive push-
down reduces the CPU usage by up to 15%, and network usage by
up to 31%, compared to the original mechanism. The reduction is
more significant when the storage-layer computational power is
lower, since more requests are pushed back to the compute layer,
and PA-aware Eager pushdown is able to capture the most proper
requests that should be pushed back.

6.3 Evaluating Pushdown Operators
In this section, we evaluate the performance of new pushdown
operators, namely, selection bitmap and distributed data shuffle.
We implement pushdown operators in existing systems (selection,
projection, aggregation, bloom filter, etc.) as the baseline.

6.3.1 Evaluating Selection Bitmap Pushdown.
We conduct experiments on several representative benchmark queries:
Q3, Q4, Q12, Q14, and Q19 (other queries observe similar results).

In each experiment, we vary the selectivity of the filter predicate
associated with the fact table Lineitem.
Selection Bitmap from the Storage Layer. We first simulate the
scenario where the selection bitmap can only be generated in the
storage layer. We achieve this by caching only the output columns
of the filter operator for the fact table. Predicate columns are not
cached. The results are depicted in Figure 13.
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Figure 13: Performance Evaluation of Selection Bitmap Pushdown
(Results are normalized to Pushdown (baseline)) — The selection bitmap is
constructed at the storage layer.
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Figure 14: Performance Evaluation of Selection Bitmap Pushdown
(Results are normalized to Pushdown (baseline)) — The selection bitmap is
constructed at the computation layer.

As Figure 13(a) illustrates, all queries show an improvement in
performance compared to the baseline. Selection bitmap pushdown
is most effective in Q14 and Q19. When the filter predicate is non-
selective (e.g., 0.9), these two queries perform over 3.0× better than
baseline pushdown since transferring selection bitmaps instead
of data columns reduces network traffic significantly (over 90% of
data transfer is saved, as shown in Figure 13(b)). Q4 also observes a
speedup of up to 2.3×.

When the filter predicate is highly selective, the speedup is less
obvious. This is because baseline pushdown returns less data to the
computation layer, such that the reduction of data transfer is less
significant. Despite this, query execution still gets accelerated. For
instance, when the selectivity is 0.1, the speedups of Q14 and Q19
are 1.8× and 1.3× respectively.

The performance gain on Q3 and Q4 is less substantial com-
pared to the other queries. These queries contain more complex
operators downstream of pushdown (e.g., more intricate joins and
aggregations), leading to a diluted performance benefit.
Selection Bitmap from the Computation Layer.We next em-
ulate the case where the compute-layer selection bitmap can be
used to accelerate pushdown execution in the storage layer. In this
experiment, only the predicate columns are cached in the compute
nodes. Results are displayed in Figure 14.

As demonstrated in Figure 14(a), all queries benefit from selec-
tion bitmap pushdown when the filter predicate is selective. For
example, when the selectivity approaches 0, pushdown of selection
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Figure 15: Performance Evaluation of Distributed Data Shuffle Pushdown on TPC-H (normalized to No pushdown).

bitmaps outperforms the baseline by 2.0× and 2.6× on Q12 and Q19,
respectively. When the filter predicate becomes less selective, the
performance gain decreases, since more data is transferred to the
compute nodes, which dominates the query execution time.

We also analyze disk metrics by measuring the number of bytes
read and the number of columns accessed from the disks, which are
illustrated in Figure 14(b). The amount of data scanning is reduced
by 36% and 46% on Q4 and Q14 respectively, and by approximately
10% on the rest queries. Additionally, the number of columns ac-
cessed of the Parquet data decreases between 18% and 56%. The
reduction of data scanning is less substantial compared to column
access reduction, because the columns that can be skipped via se-
lection bitmap pushdown are typically highly compressed, such
as l_shipmode, which only has 7 unique values, and l_quantity, of
which the value is within a small range between 1 and 50. Con-
versely, columns that must be transferred are often join keys or
have a decimal type, which usually have a low compression ratio.

6.3.2 Evaluating Distributed Data Shuffle Pushdown.
Next we evaluate the performance of distributed data shuffle push-
down over TPC-H, which is shown in Figure 15. All execution times
are normalized to the No pushdown. Across all queries, shuffle push-
down results in an average of 1.3× performance improvement over
baseline pushdown, and 1.8× over no pushdown.

Among all 22 queries, we observe the performance improvement
on 20 of them, with 15 queries are accelerated by over 1.2×, 10
queries accelerated by over 1.3×, and 6 queries accelerated by over
1.5×. Q7, Q8, and Q17 benefit from shuffle pushdown most signifi-
cantly, which are improved by more than 1.7×. In these queries, the
filter predicates associated with the base tables are not selective,
where a major part of the table data still needs to be fetched. Shuffle
pushdown is able to eliminate the redistribution of the scanned base
table data, which occupies a large portion of the overall execution
time. As a result, we observe more than half of the data exchange
across the compute nodes is saved compared to baseline pushdown.

Conversely, several queries do not benefit a lot from shuffle
pushdown (e.g., Q6, Q15, and Q19). These queries typically have
selective filter predicates on base tables, such that the amount of
data transferred from the storage layer is not significant, and the
overhead of data exchange across the compute nodes is negligible.

We further investigate the incurred network traffic in different
pushdown configurations. On average shuffle pushdown reduces
the consumed network resource by 38%. Specifically, shuffle push-
down reduces the data exchange across the compute layer by 84%
on overage, while the network traffic between the compute and
storage layers is unaffected. Out of all 22 queries, the incurred data
exchange across the compute layer is reduced by over 50% on 20
queries, by over 90% on 16 queries, and by over 99% on 7 queries —
only a few small intermediate join results are redistributed.

7 RELATEDWORK
The concept of computation pushdown has been widely adopted by
modern cloud-native databases in a storage-disaggregation architec-
ture, typically in cloud OLAP databases. Examples of these systems
include AWS Redshift Spectrum [5], S3 Select [7], and Azure Data
Lake Storage Query Acceleration [12]. Systems such as Presto [9],
PushdownDB [47] and FlexPushdownDB [46] support computa-
tion offloading via S3 Select. PolarDB-X [13] incorporates more
pushdown operators like sorting and co-located equi-joins. These
systems use software techniques to implement pushdown function-
alities. AWS Advanced Query Accelerator (AQUA) [11] uses special
hardware accelerators (AWS Nitro chips [6]) to improve the speed
and reduce energy consumption of pushdown functions. OLTP
databases in the cloud also embrace pushdown computation. For
example, AWS Aurora [40, 41] is deployed on a custom-designed
cloud storage layer where functionalities including log replay and
garbage collection are offloaded to the storage layer.

Beyond cloud-native databases, computation pushdown has also
been investigated in various research fields. In the world of data-
base machines, computation is often offloaded to storage through
specialized hardware [20, 21, 39, 42]. For instance, IBM Netezza
data warehouse appliances [20] enable pushdown of selection, pro-
jection, and compression to disks via FPGA-enabled near-storage
processors. The Intelligent Database Machines (IDM) [39] relocate
most DBMS functionalities to a backend machine close to the disks.

The technique of computation pushdown is also investigated in
Smart Disks/SSD [18, 22, 24, 26, 29, 36, 43, 45]. For example, Ac-
tive Disks [36] and IDISKS [26] explored offloading computation
to magnetic storage devices. Meanwhile, architectures like Sum-
marizer [29] and Biscuit [24] support selection pushdown to SSD
processors. Other Smart SSDs [18] and near-storage FPGAs [22, 43]
can handle filtering and aggregation tasks in place.

Moreover, computation pushdown has been explored through
processing-in-memory (PIM) techniques that utilize DRAMorNVM.
Modern 3D-stacked DRAM has a logic layer below the DRAM cell
arrays within the same chip, thereby reducing data transfer between
memory and CPU [23]. Kepe et al. [27] conduct an experimental
study that focuses on selection processing in PIM.

8 CONCLUSION
This paper presents Adaptive pushdown, a technique that leverages
a pushback mechanism to determine whether a pushdown operator
should be executed in the storage adaptively based on the storage-
layer resource utilization. We additionally conduct a systematical
analysis of existing pushdown operators and propose two new op-
erators that can benefit from offloaded to storage. Evaluation shows
that Adaptive pushdown and the new pushdown operators lead to
up to 1.9× and 3× speedup on TPC-H benchmark respectively.
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