
Understanding and Optimizing Database Pushdown on
Disaggregated Storage

Hua Zhang

University of

Wisconsin-Madison

Madison, WI, USA

Beihang University

Beijing, China

Xiao Li

University of

Wisconsin-Madison

Madison, WI, USA

Beihang University

Beijing, China

Yuebin Bai

Beihang University

Beijing, China

Ming Liu

University of

Wisconsin-Madison

Madison, WI, USA

Abstract
Database pushdown is a widely adopted technique under

compute-storage disaggregation. The rising network and

I/O speeds, coupled with stagnated compute and memory

subsystems of a disaggregated storage architecture in the

past decade, render state-of-the-art policy-driven pushdown

designs ineffective. This is because the query performance

bottleneck has shifted from network and I/O to compute,

where computing power at the storage layer becomes scarce.

This paper rethinks pushdown database design via a sys-

tematic characterization and identifies three root causes, i.e.,

table structure agnostic, lower interference tolerance, and

lack of operator scheduling. Based on the gathered insights,

we build TapDB, a new pushdown database that targets

emerging storage disaggregation. Driven by two key ideas

(i.e., lazy evaluation and trading network and I/O for compute),
TapDB introduces four new mechanisms: a table-aware op-

erator cost estimator based on in-situ meta-learning and

cardinality estimation, an admission control scheme to limit

execution concurrency, a ballooning-based DRAM-SSD hy-

brid table, and a critical path-driven operator scheduler. Our

prototype shows 1.3–2.3× speedups compared with prior

solutions when running SSB and TPCH benchmarks.

CCS Concepts: • Information systems→ Database man-
agement system engines; • Computer systems organi-
zation→ Distributed architectures; • Software and its
engineering→ Software system structures.

Keywords: Computation pushdown, Storage disaggregation,

Query optimization
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1 Introduction
Computation pushdown has regained attention with the

widespread adoption of storage disaggregation in modern

data centers [44, 65, 85, 93]. By offloading selected SQL op-

erators to storage backends, pushdown can reduce network

traffic and improve query performance, as demonstrated in

both commercial systems [2, 26, 35, 39, 110, 111] and aca-

demic prototypes [114, 117, 120]. However, hardware trends

over the past decade fundamentally change the cost bal-

ance of pushdown. Our analysis (§2.2) shows that network
bandwidth and storage I/O throughput have improved by

orders of magnitude, while CPU and memory performance

on storage nodes have advanced only marginally. This leads

to dramatically higher network and I/O density per core,

making CPU resources increasingly scarce at the storage

layer.

Such hardware trends contradict the fundamental assump-

tions of pushdown database designs, rendering them ineffec-

tive. Existing solutions (heuristic-based [39, 116, 117, 120]

and cost-driven [15, 89, 106, 110]) view the operator push-

down as a policy question, i.e., relying on offline charac-

terizations or simplified runtime estimates and outsourcing

an operator to the storage layer when reduced data trans-

fers yield performance improvements. The recent adaptive

pushdown [118], like the cost-driven strategy, adjusts query

execution based on the storage node load, but still uses static

cost models and ignores compute-layer processing when

pushback. Traditional pushdown methods become inade-

quate in modern storage architectures due to two shifts: the

bottleneck moving from network/I/O to compute, and in-

creased resource contention at the storage layer. Through

systematic analysis (§3), we identify three root causes: the

amplified impact of table structures under high I/O speeds,

reduced tolerance to compute variability in new storage

nodes, and the critical yet previously overlooked role of the

operator scheduler.

Building on these insights, we identify three core chal-

lenges: (a) unknown table structures before execution, (b)

unpredictable runtime resources, and (c) uncertain memory

https://creativecommons.org/licenses/by/4.0
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Figure 1. The workflow of an OLAP query (SSB Q1.1) running on a DBMS with computation pushdown enabled. (a) presents the input

query and data tables. (b)–(d) depict three execution phases of a database engine. (e) shows how database operators are scheduled over local

compute nodes (e.g., aggregate) and remote storage nodes (e.g., build, join, filter, and scan).

demands of concurrent operators. These render prior offline

and static approaches ineffective in modern storage appli-

ances. To address them, we design and implement a new

pushdown database, dubbed TapDB. TapDB is driven by

two ideas: lazy evaluation and trading network and I/O for
compute, which (a) makes the informed pushdown decision

based on the runtime system capability and (b) guards the

pushdown operator to achieve non-degraded performance

without inference. TapDB introduces four techniques: (1)

table-aware operator cost estimation based on in-situ meta-

learning and cardinality estimation (§4.2); (2) an admission

control scheme by dynamically adjusting the learned cost

to ensure pushdown operators stay within the interference-

free window (§4.3); (3) a DRAM-SSD hybrid table based on

the memory ballooning technique that implicitly extends

the memory interference-tolerance region and storage-layer

memory capacity (§4.4); (4) a critical path-driven operator

scheduler that allocates the limited computing resources

based on the operator’s running urgency (§4.5).
We prototyped TapDB atop the latest FPDB [1] and evalu-

ated it over four generations of disaggregated storage nodes.

Using SSB and TPCH benchmarks, TapDB outperforms prior

solutions by 1.3–2.3× under different data scales. TapDB

makes informed database operator pushdown decisions based

on the actual communication-computation trade-off at run-

time, mitigates the performance interference, and sparingly

schedules co-located operators to maximize performance.

We further examine the effectiveness of individual mecha-

nisms, study different impacting factors, analyze the system

scalability, and quantify the performance overheads. TapDB

is available at https://github.com/netlab-wisconsin/TapDB.

2 Background
2.1 Database Pushdown
Computation pushdown, running SQL operators close to the

disk storage, is a well-known database optimization tech-

nique. It was originally proposed and developed for database

machines in the 1970s, such as the Intelligent Database Ma-

chine [109] and Grace [41]. More recently, with the growing

popularity of cloud-native databases [2, 26, 33, 39, 110] and

storage disaggregation architecture, database pushdown has

regained significant interest, and is used for OLAP query ac-

celeration, networking traffic reduction, and client-side CPU

cycle savings. Figure 1 depicts the workflow of an OLAP SQL

query and how database operators are pushed down to the

storage layer. We take the SSB [19] Q1.1 as an example (Fig-

ure 1-a) and assume two database tables are partitioned and

distributed across several disaggregated storage backends.

• Phase 1: Query Preprocessing. The SQL parser analyzes
and validates the input query, producing an abstract syn-

tax tree that captures its syntactic structure (Figure 1-b).

• Phase 2: Query Planning. The planner [5, 12, 16, 17]
produces a logical plan and applies standard optimizations.

It then generates physical plans [9, 18] and selects one via

cost- or rule-based optimization [27]. Pushdown can be

decided during planning or applied to a finalized physical

plan [74]. A physical plan is modeled as a Directed Acyclic

Graph (DAG) of operators and data flows (Figure 1-c).

• Phase 3: Query Execution. An operator executes when

its inputs are ready, and it is scheduled on an available

engine (Figure 1-d). It first accesses local cached data and

fetches from remote storage on cache misses. Based on

the pushdown decisions made during planning, operators

are scheduled to either compute or storage nodes [2, 26,

33, 39, 110, 117, 120]. In this example, all operators except

aggregate are pushed down to the storage node (Figure 1-

e).

2.2 Disaggregated Storage and Hardware Trends
Storage disaggregation is widely adopted in enterprise and

cloud data centers [28, 44, 65, 85, 93], enabling independent

scaling and high resource utilization. With high-bandwidth

networks and NVMe-oF [14], disaggregated NVMe drives

achieve millions of IOPS with tens of microseconds latency.

We examine four generations of disaggregated storage

appliances deployed in our cluster over the past decade (Ta-

ble 1) and identify several hardware trends. Network fabrics

https://github.com/netlab-wisconsin/TapDB
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Storage Node Year Compute&Memory Network Storage Net Density I/O Density
Gen1-SA 2010 2× Intel Xeon E5504 (4 cores), 64GB DDR3 8Gb Fibre Channel FC, SATA3.0 HDD 1Gbps 37.5K
Gen2-SA 2014 2× Intel Xeon E5-2640v2 (8 cores), 96GB DDR3 25GbE Ethernet iSCSI, SATA3.0 SSD 1.6Gbps 75K
Gen3-SA 2018 2× Intel Xeon Gold 6130 (16 cores), 192GB DDR4 100GbE Ethernet/RoCEv2 NVMe-oF, NVMe (Gen3) 3.2Gbps 125K
Gen4-SA 2022 4× ARM A72 (8 cores), 64GB DDR4 400GbE Ethernet/RoCEv2 NVMe-oF, NVMe (Gen3) 12.5Gbps 500K

Table 1. Hardware specifications of four generations of storage applications (SA) in our cluster. We report the compute, memory, network,

and storage configurations. The network density and I/O density are defined as Gbps per core and IOPS per core, respectively.

evolve from 8Gb Fibre Channel and 25GbE to 100/400GbE

(RoCEv2), while storage protocols shift from Fibre Chan-

nel [63] and iSCSI [56] to NVMe-over-Fabric [14]. Storage

devices advance from SATA HDDs to SSDs and NVMe SSDs,

increasing per-drive bandwidth to several GB/s and reduc-

ing latency to tens of microseconds. In contrast, CPU core

counts grow modestly, with largely stagnant core frequency

and per-core memory bandwidth. Recent designs further

adopt energy-efficient ARM-based storage targets, similar

to trends in public clouds [3, 11, 13]. As a result, network

and I/O density (Gbps/IOPS per core) increase by over an

order of magnitude, from 1Gbps to 12.5Gbps and from 37.5K

to 500K, respectively. Similar trends are observed in other

enterprise clusters [7, 8, 30]. With emerging EDSFF form

factors [10], future storage servers will be even denser. Such

growth makes CPU resources increasingly scarce on storage

nodes, motivating a re-examination of pushdown database

design under modern hardware constraints.

3 Characterizing Database Pushdown
3.1 Prior Pushdown Strategy
Existing databases push down operators mainly in two ways:

• #1: Heuristic-based. Some databases [39, 116, 117, 120]

employ static heuristic rules to determine whether an op-

erator can be pushed down based on offline analyses. For

example, Taurus [39, 74] runs selection, projection, and ag-
gregation operations close to the storage since empirical

characterizations show they are faster than the pullup

mode (fetching data to the compute layer and performing

execution locally). Amazon S3 Select [4] supports filter,
project, join, group-by, and top-K operator pushdown. This

approach captures the execution characteristics of individ-

ual database operators without considering the computing

resource dynamics at the remote storage layer;

• #2: Cost-driven.Others [15, 89, 106, 110] use a cost model

to evaluate the computation-communication trade-offwhen

making the pushdown decision. A query optimizer first

uses a sample-based cardinality estimation scheme [71,

126] to gauge the data input size of each operator. Next,

it calculates the operator’s execution time when pushed

down as
𝑠𝑖𝑧𝑒(𝑜𝑝)

𝑃𝑟𝑜𝑐_𝑅𝑎𝑡𝑒(𝑜𝑝, 𝑆𝑡𝑜𝑟𝑎𝑔𝑒_𝑁𝑜𝑑𝑒)
, where 𝑃𝑟𝑜𝑐_𝑅𝑎𝑡𝑒 , re-

ferring to the data processing rate, is platform dependent

and obtained offline. Finally, the engine uses a watermark,

i.e.,
𝑠𝑖𝑧𝑒(𝑜𝑝)

𝑃𝑟𝑜𝑐_𝑅𝑎𝑡𝑒(𝑜𝑝, 𝐶𝑜𝑚𝑝𝑢𝑡𝑒_𝑁𝑜𝑑𝑒)
+
𝑠𝑖𝑧𝑒(𝑜𝑝)

𝐵𝑊𝑁𝑒𝑡
, where 𝐵𝑊𝑁𝑒𝑡 is

measured at runtime, to decide if the operator running re-

motely is beneficial. This mechanism accounts for network

conditions but still relies on offline profiling to determine

how fast an operator runs on the compute and storage

nodes.Adaptive Pushdown [118] follows the cost-driven

design and introduces a theoretical model to balance con-

current pushdown and pushback execution. Our TapDB

implementation builds on it and retains its core compo-

nents, including the pushback mechanism. § 5.7 provides
a dedicated comparison of FlexpushdownDB and TapDB.

3.2 The Problem: Policy is NOT Enough!
We examine how pushdown databases perform under four

generations of disaggregated storage architectures. To do

this, we ported a recently open-sourced pushdown data-

base (i.e., FPDB [117]) onto our storage backend, replaced

its AWS S3 service with a similar self-developed object store,

implemented all pushdown operators, and integrated both

pushdown logics into the DBMS query execution engine.

Gen1-SA and Gen2-SA. Both pushdown strategies acceler-

ate query execution on old-gen storage nodes. On average

across all queries in SSB and TPCH benchmarks under dif-

ferent scaling factors, the heuristic-based approach achieves

2.8× and 2.3× speedups on Gen1-SA and Gen2-SA, while

the cost-driven one yields 3.1× and 2.7× speedups. This is

expected since pushdown operators reduce data transfers

and bring near-data computing benefits. The cost-driven ap-

proach outperforms the heuristic one because it considers the

network dynamism and only outsources a database operator

when query acceleration between a compute and storage

node outweighs the data movement across the network.

Gen3-SA and Gen4-SA. However, the two pushdown de-

signs become ineffective on recent storage nodes. The heuristic-

based method entails a 40% and 55% degradation on average

across all queries in SSB and TPCH benchmarks on Gen3-SA

and Gen4-SA nodes, while the cost-driven solution slows

down queries by 36% and 45%. This indicates that reduced

data transfers due to pushdown don’t yield performance im-

provements. Instead, operators are running more slowly on

storage nodes than on compute nodes. To further explore

why, we break down the query execution time into three

components: operator running (Compute), data movement

(Network), and table access (Storage). Figure 2 shows the re-
sults of four queries.Compute dominates the query execution,

accounting for 76.8% and 74.1% on average on Gen3-SA and

Gen4-SA nodes. When the CPU of storage nodes becomes

over-subscribed, the running speed of its housed operators is

jeopardized, causing query performance drops. This happens

exactly in Gen3-SA and Gen4-SA under fast network and
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(a) SSB Q3.1 (b) SSB Q3.1 Breakdown (c) SSB Q4.1 (d) SSB Q4.1 Breakdown

(e) TPCH Q1 (f) TPCH Q1 Breakdown (g) TPCH Q7 (h) TPCH Q7 Breakdown

Figure 2.We report the query speedup (compared with the non-pushdown case) and query runtime breakdown of four queries from the

SSB and TPCH benchmarks when enabling heuristic-based and cost-driven pushdown under four storage generations. We break down the

query execution into three components: Compute (operator execution), Network (data transfer across the wire), and Storage (database table

read/write). §5.1 describes our experimental setup. The benchmark scaling factor is 10.

I/O (§2.2). However, heuristic-based and cost-driven push-

down policies hardly capture this. In Gen1-SA and Gen2-SA

scenarios, the storage-side computing resources are usually

over-provisioned, whereas slow network and I/Omainly con-

tribute to the query execution (which is more than 65–75%

mostly, such as the four queries in Figure 2). This matches the

hypothesis of existing pushdown design strategies, where

trading compute for I/O helps accelerate the query.

Takeaways. Databases formulate operator pushdown as a

policy question, i.e., whether running an operator on storage

nodes is beneficial. Existing pushdown approaches (heuristic-

based and cost-driven) then evaluate the trade-off between

computing and communication in an online/offline manner

and outsource an operator when reduced data transfers yield

performance improvement. However, the hardware trends

of disaggregated storage architecture challenge such designs

in two ways: (a) the performance bottleneck of pushdown

query execution shifts from network and I/O to compute; (b)

the computing resources on storage nodes become scarce. As

a result, these render existing policy-based pushdown data-

base designs ineffective because the operator’s processing

speed can be easily affected, given the fluctuating comput-

ing capacity at the storage node. For example, a pushdown

operator at the storage layer would run much slower than

at the compute layer, outweighing the savings of reduced

data transfers and hurting the query performance. There-

fore, we need a set of new mechanisms to (1) assist DBMS

in making the right decision in a changing environment and

(2) ensure the pushdown computations deliver the target

promises. Next, we explore and identify the root causes that

make existing policy-driven pushdown designs inefficient.

3.3 Root Cause #1: Table Structure Matters
Description. Fast I/Os exacerbate the impact of table struc-

tures on operator processing speed. We find that 𝑃𝑟𝑜𝑐_𝑅𝑎𝑡𝑒

is highly affected by row/column organization, data type,

and data distribution on Gen3-SA and Gen4-SA nodes, mak-

ing pre-execute profiling-based estimations ineffective. For

instance, numeric types (like integer and boolean) are gener-

ally faster to read, compare, and jointly process than strings.

Sort and Join operators favor a uniform distribution rather

than a skewed one due to balanced partitions and reduced

hash collisions. All these factors are unnoticeable in old-gen

storage architecture since I/O access dominates.

Characterization. We choose four database operators usu-

ally considered for pushdown, vary table sizes and structures,

and explore how existing table-agnostic 𝑃𝑟𝑜𝑐_𝑅𝑎𝑡𝑒 estima-

tions impact the query performance. On average across all

scenarios, we observe that a 1.9(1.7)×, 2.6(1.9)×, 6.3(3.2)×,
and 7.3(3.1)× difference between the estimated and actual

processing speed for Filter, JoinProbe, Aggregate, and
Group operators on Gen3-SA (Gen4-SA) nodes, causing in-

accurate pushdown decisions, thereby yielding 45.0%(37.8%),

85.4%(54.1%), 62.5%(57.8%), and 54.0%(52.2%) performance

degradation. However, this doesn’t happen to old-gen stor-

age architectures. Even though the estimated 𝑃𝑟𝑜𝑐_𝑅𝑎𝑡𝑒

sometimes differs significantly from the actual one on Gen1-

SA and Gen2-SA nodes, it doesn’t alter the pushdown de-

cision because the threshold that accounts for both data

transfer and operator execution is large enough.

• Data Type. For the Filter operator, the queries apply

(ORDERPRIORITY = ’1-URGENT’ AND ORDERDATE BETWEEN
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(a) SSB Q2.1 (b) SSB Q3.1 (c) TPCH Q1 (d) TPCH Q7

Figure 3. The CDF of CPU utilization of four queries on different storage nodes and their corresponding tolerant regions.

(a) SSB Q2.1 (b) SSB Q3.1 (c) TPCH Q1 (d) TPCH Q7

Figure 4. The CDF of MEM utilization of four queries on different storage nodes and their corresponding tolerant regions.

’2023-01-01’ AND ’2023-12-31’) and (TAX > 50) con-
ditions to the LINEORDER table which processes complex

data types (like String, Date, and UINT8-based subfields).
The actual processing speed differs by factors of 1.7× and

1.3× from the estimated one, causing 36.3%(37.0%) and

53.6%(38.5%) degradation on Gen3-SA(Gen4-SA) nodes;

• Table Organization. We use the JoinProbe operator

to illustrate this. Applying the (JOIN CUSTOMER C ON
L.LO_CUSTKEY = C.C_CUSTKEY) and (JOIN CUSTOMER
C ON L.LO_CUSTKEY = C.C_REGION) conditions over

LINEORDER table and CUSTOMER tables generate either over-
estimated or under-estimated amount of rows than ex-

pected, resulting in 1.4×(1.4×) and 1.7×(2.0×) processing
cost difference on a Gen3-SA (Gen4-SA) node. This then

yields false negative pushdowns and hurts query perfor-

mance by 57.0%(34.0%) and 113.7%(74.2%);

• Meta-operator Execution. Operators (like Aggregate)
incur non-trivial online running because they perform

multiple arithmetic operations (e.g., SUM and AVG) over

numeric columns while processing wide tables with irrel-

evant attributes, leading to significant computation and

memory overhead during query execution. For example,

queries perform (SUM(L.REVENUE) AS TOTAL_REVENUE,
AVG(L.TAX) AS AVG_TAX) and (SUM(L.REVENUE) AS
TOTAL_REVENUE), triggering arithmetic over complex data.

We observe 2.0×(2.5×) and 3.3×(3.3×) estimation differ-

ences, causing operators to be wrongly pushed down, re-

sulting in 47.8%(36.5%) and 77.2%(79.1%) query slowdown

on Gen3-SA(Gen4-SA) nodes, respectively;

• Data Distribution. The computation cost of the Group
operator is considerably affected by how data is distributed

across a table. For example, the query (GROUP BY CUSTKEY)
processes an evenly distributed table and incurs a light

computing load. The actual cost is 3.3×(3.3×) less than the

estimated on a Gen3-SA(Gen4-SA) node. Thus, the opera-

tor is not pushed down, hurting 44.2%(40.8%) performance.

The 3rd query instead targets a skewed table and results

in many hash collisions. We thereby observe a 2×(3.3×)
estimation error and a 63.7%(63.6%) slowdown.

Takeaways. The rising I/O speed amplifies the impact of

table structures on making pushdown decisions. Existing

approaches relying on pre-execute profiling are not effec-

tive because they cannot capture data type, table organiza-

tion, data distribution, andmeta-operator execution, yielding

many false negative operator pushdowns and jeopardizing

query performance. Instead, we need a table-aware strategy

to estimate the operator’s table processing rate in situ.

3.4 Root Cause #2: Less Interference-Tolerance
Description. On recent-gen storage appliances, even if an

operator is correctly pushed down, it can be affected by co-

located operators or other I/O activities. Fast network and

I/O expedite operator execution and cause more concurrent

operator consolidation, thereby aggravating computational

resource variability and interfering with pushdown opera-

tors. This is not an issue on old-gen storage nodes since their

computing capacity is generally over-provisioned.

Characterization. To study the sensitivity to computing

resource (CPU and memory) variability, we select four SSB

and TPCH queries and measure their CPU and memory

usage under interference-free execution with sufficient re-

sources. We then co-locate a synthetic background operator

on the storage node, which gradually increases CPU and

memory consumption, to identify the threshold at which

query performance degrades. We define the interference-free
window as the utilization range [0, 100%−threshold] where
query performance remains unaffected. Figures 3/4 depict

the CDF of CPU/Memory usage of four queries and high-

light their interference-tolerant regions on different storage
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Figure 5. Query runtime comparison among 6 different operator schedulers of four queries from the SSB and TPCH benchmarks under

heuristic-based and cost-driven approaches over four generations of storage nodes. The scaling factor is 10.

nodes. In terms of CPU, Gen1-SA andGen2-SA expose a large

interference-free window, i.e., [0, 68%] and [0, 65%], which

is shrunk to [0, 33%], and [0, 28%] on Gen3-SA and Gen4-

SA, respectively. Regarding memory, similarly, Gen1-SA and

Gen2-SA can uphold other tasks that use up to 53% and 49%

resources without slowing down contemporary operators.

However, this upper bound is reduced to 25% and 20% on

Gen3-SA and Gen4-SA. Such a narrow interference-free re-

gion indicates that pushdown operators are very sensitive

to fluctuating computing resources. For example, when co-

locating a background job whose CPU/memory consumption

is slightly above the threshold, we observe 2.9× and 4.3×
performance degradation on average across all evaluated

SSB and TPCH queries in the Gen3-SA and Gen4-SA cases.

Takeaways. Emerging storage nodes are less tolerant of

computing resource variability under operator pushdown

due to computing scarcity and increased consolidation. This

calls for an admission control-like mechanism to ensure co-

located operators stay within their interference-free regions.

3.5 Root Cause #3: Operator Scheduler Matters
Description. Since database pushdown queries shift from

I/O-bound to compute-bound on new-gen storage architec-

ture, operator scheduling becomes another performance im-

pact factor. Given the over-subscribed computing resources

in the storage layer, the problem is how to allocate CPU

cycles among competing database operators. We first char-

acterize the issue below and will then formalize the problem

in §4.5. Again, this is not an issue in Gen1-SA and Gen2-SA

nodes, as their computing capability is adequate.

Characterization. We examine six widely used schedulers

and see how they impact the performance of pushdown

queries on four generations of storage nodes. These sched-

ulers are: (1). First-Come-First-Serve (FCFS): operators are

scheduled based on the enqueue order to the runnable queue;

(2). Simple Fair Scheduler (SFS)[83]: operators are scheduled

in a fair scheduling fashion (equal timeshare); (3). Weighted

Fair Scheduling(WFS)[43, 91]: operators receive a timeshare

that is proportional to their cost; (4). Round-Robin Schedul-

ing (RR): competing operators equally receive a fixed time

slice in each round; (5). Shortest Job First (SJF): operators

are prioritized based on their estimated running cost; (6).

Tetris[46]: operators are scheduled via a multi-resource DAG-

aware packing algorithm that greedily selects operators to

maximize the dot product of resource vectors.

Figure 5 compares the runtime differences among six

scheduling algorithms across different SA generations.While

the differences are limited on Gen1-SA and Gen2-SA nodes

(up to 3.1% (3.0%) and 4.0% (3.4%)), they increase substantially

to 45% (44%) and 47% (42%) on Gen3-SA and Gen4-SA nodes

under the two pushdown approaches. WFS performs best

on Gen3-SA nodes by allocating CPU cycles according to

operator resource consumption, while Tetris outperforms

others on Gen4-SA by jointly considering DAG dependen-

cies and resource demands. FCFS is effective only for simple

query structures where the enqueue order reflects comput-

ing demand. SFS and RR treat all operators equally, lead-

ing to execution stalls under heterogeneous demands (e.g.,

JoinProbe should be prioritized over JoinBuild). SJF prior-

itizes lightweight operators (e.g., Scan and Filter), breaking
DAG dependencies and resulting in suboptimal execution.

Takeaways. The scheduler at the storage node determines

how computing resources are allocated among competing

pushdown operators, becoming pivotal under the hardware

trends of disaggregated storage. This is generally overlooked

in old-gen storage architectures since the query performance

is dominated by network and I/O. An optimal scheduler

should consider the per-operator execution cost, DAG struc-

ture, as well as runtime computing availability.

4 TapDB: Design and Implementation
4.1 Key Idea
TapDB is a pushdown database designed for the recent dis-

aggregated storage. Our system design goal is to maximize

database pushdown benefits without hurting query perfor-

mance. Based on the gathered insights (§3), we build TapDB

following two principles. One is lazy evaluation (P1), inspired
by the programming language theory [54], where we should

make the informed pushdown decision just before the oper-

ator is scheduled. The other is trading excessive network and
I/O bandwidth for scarce computing resources (P2). Based on

these, we develop four techniques: (1) table-aware operator

cost estimation based on in-situ meta-learning and cardi-

nality estimation (§4.2), which samples operator execution
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and fits a linear model to predict execution cost on storage

and compute nodes; (2) an admission control scheme by dy-

namically adjusting the learned cost to ensure pushdown

operators stay within the inference-free window (§4.3); (3) a
DRAM-SSD hybrid table, borrowing the memory-ballooning

idea to spill intermediate results to SSD when memory is

scarce, thereby implicitly extends the memory interference-

tolerance region and storage-layer memory capacity (§4.4);
(4) a critical path-driven operator scheduler, which identifies

the critical path and data dependencies in the query DAG,

and preferentially allocates the limited computing resources

based on the operator’s running urgency (§4.5).

4.2 Table-aware Learning-based Cost Estimator
The first issue (§3.3) happens since the input data size and
table structure are unknown. Existing databases make early
pushdown decisions during the query optimization phase via

a cost model, which is developed using offline profiling and

cardinality estimation [64, 69, 107, 113]. Yet effective on old-

gen storage nodes, such a data-driven approach only consid-

ers static computation and communication costs, completely

ignoring database runtime factors (§3.3) that contribute to
incorrect operator pushdown on newly storage architecture.

We apply the lazy evaluation (P1) principle and deter-

mine whether an operator is pushed down until its upstream

producer emits partial results, from which the schema of

the data table operated on can be derived and the actual

computation-communication trade-off is clear. We enhance

the de facto cardinality estimation with meta-learning [108,

123] that gauges table processing cost in situ via enhanced

sampling. For an operator 𝑜𝑝 , our approach works in three

steps: (1) extracting the cardinality of its input table 𝑖𝑛𝑝𝑢𝑡𝑜𝑝 ,

(2) measuring the execution time of representative samples

𝑠𝑎𝑚𝑝𝑙𝑒(𝑖𝑛𝑝𝑢𝑡𝑜𝑝 ), and (3) predicting the full-table computa-

tional cost via an online-trained regression model based on

dual-dimensional features.

First, we use Equidistant Sampling to generate curated

table samples with low overheads. Data rows are sampled

at equal intervals through two sequential steps: (1) Inter-
val Calculation, which calculates the sampling interval 𝑘 as⌊

𝑠𝑖𝑧𝑒(𝑖𝑛𝑝𝑢𝑡𝑜𝑝 )

𝑠𝑖𝑧𝑒(𝑠𝑎𝑚𝑝𝑙𝑒𝑜𝑝 )

⌋
; (2) Sample Row Selection, which selects the

first row and every 𝑘-th rows. Sampling at equal intervals

allows us to choose rows that capture the overall table char-

acteristics. We evaluate different sampling ratios (taking 10%

in our TapDB), where the marginal accuracy gain becomes

negligible relative to the added runtime overhead. We then

use the execution time of these samples as a predictive fea-

ture for estimating the operator’s total computational cost.

We further validate if this approach is effective by examining

the Pearson coefficient [38].

Second, we develop an eager input estimation scheme that

approximates the actual input size of an operator based on

the first received data message size, scaled by a constant fac-

tor. The scaling ratio depends on the processing rate of the

upstream-producing and downstream-consuming operators.

When an operator has multiple upstream producers of dif-

ferent types, it estimates the total input after receiving one

message per type by scaling the observed message sizes by

the number of producers in each category, i.e., ⟨𝑚 · |𝐴𝑖 |, 𝑛 ·
|𝐻𝑖 |⟩, assuming uniform data volumes within each type. This

method is essential because many database operators run in

a non-blocking fashion for performance optimization, i.e., be-

ginning execution without waiting for complete input tables

(Precedence Constraints, §4.5). The naive approach, assum-

ing an equal-sized partition, works well for tables with uni-

form data production volumes across all producer operators.

But for skewed tables, such approximations are inadequate

because processing entails significant imbalances across dif-

ferent table partitions. We thus proactively introduce a spe-

cial Pre-Scan Balancing Operator to replace the conventional

scan logic based on the uncertainty of data skewness pat-

terns. It reshapes skewed data into a uniform distribution

by redefining how tables are loaded and partitioned. Specifi-

cally, we divide each partition into𝑚 =
𝑝𝑎𝑟𝑡𝑖𝑡𝑖𝑜𝑛𝑆𝑖𝑧𝑒

𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑆𝑖𝑧𝑒
uniform

segments, where segmentSize denotes the granularity of

subdivision. A segment is uniquely identified by a tuple

(𝑝𝑎𝑟𝑡𝑖𝑡𝑖𝑜𝑛𝐼𝑑, 𝑜 𝑓 𝑓 𝑠𝑒𝑡 ) =

( ⌊
𝑖

𝑚𝑛

⌋
, (𝑖 mod𝑚𝑛) · 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑆𝑖𝑧𝑒

)
.

The pre-scan balancing operator assigns 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑖 to a scan-

ner 𝑠𝑐𝑎𝑛𝑖 mod 𝑛 which reads the corresponding 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑆𝑖𝑧𝑒-

byte data block from the specified partition and offset via

𝑠𝑒𝑒𝑘𝑔(𝑜 𝑓 𝑓 𝑠𝑒𝑡 ) and 𝑟𝑒𝑎𝑑(𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑆𝑖𝑧𝑒) operations. Fine-grained

segmentation thus enables more uniform data distribution.

Finally, we construct the cost estimation model of an op-

erator by considering table size, table structure, and sampled

running cost. We investigated several ML models and found

that a linear regression is effective enough. The execution

cost regressor is modeled as a linear regression formula:

𝑇𝑜𝑝 = 𝑘1 ∗𝑇𝑠𝑎𝑚𝑝𝑙𝑒𝑜𝑝 +𝑘2 ∗𝑠𝑖𝑧𝑒(𝑖𝑛𝑝𝑢𝑡𝑜𝑝 ). The parameter vector

(𝑘1, 𝑘2) captures the table processing characteristics, obtained

offline initially. We develop a random query generator and a

runtime telemetry system that collects the online training

datasets, serving as the basis for fitting and training the lin-

ear model. (𝑘1, 𝑘2) is updated continuously via incremental

learning[52, 90], capturing the operator running statistics.

The training is performed on synthetic queries produced

by our random query generator. Runtime telemetry collects

execution metrics from these queries, which are then used

to train a more robust and accurate basic model, which will

be tuned online.

Our proposed table-aware learning-based cost estimator

performs the majority of its estimation computations at the

compute node and incurs little overhead (§5.9) to the storage
layer. Upstream operators on the compute/storage layer only

sample a small amount of data. This mechanism operates

inside our query execution engine (§4.5).
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Algorithm 1 Admission Control Algorithm

1: Input: Initial parameter 𝐴 = 1.0, learning rate 𝜂 > 0

2: opLog: Log operators’ estimated and measured costs

3: procedure onlineUpdateN
4: while opLog.size() > 0 do
5: 𝑇est,𝑇target ← opLog.pop()

6: Compute the prediction error: 𝑒 = 𝑇target −𝑇est
7: Compute the gradient: gradient = −2 · 𝑒 ·𝑇𝑝
8: Update 𝐴: 𝐴← 𝐴 − 𝜂 · gradient
9: procedure scheduleOP(𝑜𝑝)
10: Estimate the base cost using the estimator (§4.2): 𝑇𝑝
11: Estimate the pushdown cost: 𝑇est = 𝐴 ·𝑇𝑝
12: Estimate the pushdown threshold: 𝑇ℎ𝑟

13: if 𝑇est ≤ 𝑇ℎ𝑟 then
14: Pushdown operator 𝑜𝑝

15: else
16: Pullup operator 𝑜𝑝

4.3 Admission Control for Operator Pushdown
The second issue (§3.4) highlights that storage nodes are less
tolerant of computing resource variability under operator

pushdown, especially when the storage layer is saturated.

Existing solutions eagerly push operators down and can in-

advertently slow down query execution. Our first technique

(§4.2) can accurately estimate the operator execution time,

but fails to consider the storage target contention. The key

question is to figure out the computing availability of the

storage node when making the pushdown decision.

However, accurately collecting statistics before query ex-

ecution is challenging because resource utilization in the

storage layer may change at runtime. We instead propose

to use the historical prediction error between the estimated

and actual operator execution time. Intuitively, a large es-

timation gap indicates that the target is overloaded, and

pushdown operators experience great interference. Based

on this, we develop an admission control mechanism follow-

ing the first principle (P1). It readjusts the estimated cost to

dynamically control the number of concurrent pushdown

operators staying within the interference-tolerant window

(Figure 3). Specifically, an adaptive parameter (𝐴) is intro-

duced,𝑇est = 𝐴 ·𝑇𝑝 , for readjusting the estimated cost. We use

the squared error, defined as: L =

(
𝑇target −𝐴 ·𝑇𝑝

)
2

. To min-

imize this loss, we update 𝐴 via gradient descent, where the

gradient ofL with respect to𝐴 is:
𝜕L
𝜕𝐴

= −2·(𝑇target−𝐴·𝑇𝑝 )·𝑇𝑝 .
Algorithm 1 updates 𝐴 using runtime telemetry of esti-

mated and actual operator costs (§4.2). Based on these esti-

mates, scheduleOP decides whether to push down or pull

up operators according to cost thresholds. The learning rate

𝜂 balances responsiveness and stability (§5.4).

4.4 DRAM-SSD Hybrid Ballooned Table
The second issue (§3.4) raises the DRAM limitation on Gen3-

SA/GEN4-SA, caused by concurrent pushdown operators.

Simply monitoring and throttling the runtime memory usage

at the system level would hurt performance (§5.5).
We apply the second principle (P2) and trade excessive

I/O bandwidth for scarce computing resources. TapDB intro-

duces a new table structure (dubbed HBTable) to expand

the memory interference-tolerant region. It stores tempo-

rary table tuples (e.g., streamed messages) in both DRAM

and SSD and implicitly expands the memory capacity in the

storage layer, leading to more consolidation. The idea behind

HBTable is memory ballooning [29], it rebalances DRAM us-

age of all HBTables based on their operators’ needs and only

uses SSDs when necessary. HBTable is ephemeral, whose

lifetime closely aligns with the operator.

HBTable Data Structure. HBTable comprises three com-

ponents (Figure 6-a): manifest, DRAM region, and SSD region.
Both DRAM and SSD parts are organized as a resizable cir-

cular buffer, in which the number of entries hinges on the

operator’s demands. Manifest handles table indexing and

maintaining the metadata. It contains the following fields:

(a) Operator ID, the ID of the operator using the table; (b)

Priority, table processing order, discussed in §4.5; (c) Tuple
Metadata, including column name, data type, and other sub-

fields; (d) SSD Head/Tail, pointing to the start and end LBA

(logical block address) of the SSD; (e) DRAM Usage, indicat-
ing the current size of the DRAM region. Each tuple consists

of several attributes (Tuple Metadata), each of which corre-

sponds to a column. Every attribute has its own name and

data type, and combined with the column data (per-entry in

DRAM/SSD Region) to form a complete tuple.

HBTable Intra-Table Primitives. HBTable provides two
basic operations: append and pop. Upon an append, it first

checks the system memory (organized as a memory pool)

availability to see if there is enough space to hold the tuple in

memory (Figure 6-b). When there is no more space, HBTable

triggers a memory lending operation (discussed later) from

other tables via ballooning. If the memory pool can accom-

modate the tuple, it is appended to the tail of the DRAM.

Otherwise, the tuple is appended to the tail of the SSD. For a

pop, HBTable first checks the DRAM Usage field and returns

the head if there are pending in-memory entries. Otherwise,

HBTable fetches tuples from the SSD region, which then

releases the space with the head pointer updated.

HBTable Inter-Table Ballooning.We realize ballooning

via two operations lend and redistribute. A high-priority ta-

ble can proactively borrow memory space from low-priority

ones when its DRAM usage runs below a predefined thresh-

old (Figure 6-c). A HBTable that lends memory to others then

spills out its tuples to the SSD. When the borrowed space

is returned, we would redistribute the memory to all active

HBTables in priority to their priorities. As discussed below,

this approach expedites high-priority operator execution and

avoids stalls on the critical path due to memory limitations.
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Figure 6. (a) depicts the HBTable data structure. (b)/(c) illustrate the execution flow of intra-table primitives and inter-table operations.

Algorithm 2 Critical Path-Driven Scheduler

1: 𝑟𝑒𝑎𝑑𝑦𝑄𝑢𝑒 : A queue for execution-ready operators;

2: 𝑎𝑐𝑡𝑖𝑣𝑒𝑄𝑢𝑒 : A queue for executing operators;

3: 𝑅𝑡𝑜𝑡𝑎𝑙 : The dynamic available resource at current time;

4: procedure CPSched(𝑜𝑝 , 𝑝𝑟𝑖)
5: while ResourceDemand(𝑜𝑝) > 𝑅𝑡𝑜𝑡𝑎𝑙 do
6: 𝑜𝑝_𝑙𝑜𝑤 , 𝑝𝑟𝑖_𝑙𝑜𝑤 ← 𝑎𝑐𝑡𝑖𝑣𝑒𝑄𝑢𝑒 .head()

7: if 𝑝𝑟𝑖_𝑙𝑜𝑤 > 𝑝𝑟𝑖 then
8: return
9: else
10: 𝑟𝑒𝑎𝑑𝑦𝑄𝑢𝑒 .append((𝑜𝑝_𝑙𝑜𝑤 , 𝑝𝑟𝑖_𝑙𝑜𝑤 ))

11: 𝑎𝑐𝑡𝑖𝑣𝑒𝑄𝑢𝑒 .pop()

12: 𝑅𝑡𝑜𝑡𝑎𝑙 ← 𝑅𝑡𝑜𝑡𝑎𝑙 + ResourceDemand(𝑜𝑝_𝑙𝑜𝑤 )

13: 𝑎𝑐𝑡𝑖𝑣𝑒𝑄𝑢𝑒 .append(𝑜𝑝)

14: 𝑟𝑒𝑎𝑑𝑦𝑄𝑢𝑒 .pop(𝑜𝑝)

15: procedure Schedule
16: while True do
17: if 𝑟𝑒𝑎𝑑𝑦𝑄𝑢𝑒.𝑙𝑒𝑛 > 0 then
18: 𝑜𝑝 , 𝑝𝑟𝑖 ← readyQue.head()

19: CPSched(𝑜𝑝 , 𝑝𝑟𝑖)

4.5 Critical Path-driven Operator Scheduler
Section 3.5 shows that six common schedulers perform in-

consistently. We formalize query scheduling as an NP-hard

problem and propose a new critical-path–based scheduler

that follows the lazy evaluation (P1) principle, dynamically

allocating CPU cycles to read-to-execute operators based on

resource availability.

Problem Formalization. We have a set of operators 𝑂 =

{𝑜1, 𝑜2, . . . , 𝑜𝑛} representing the operators in the query DAG

𝐺 = (𝑂, 𝐸). Each operator 𝑜𝑖 ∈ 𝑂 has: (1) a resource require-

ment 𝑅(𝑜𝑖 ), the amount of CPU cycles needed by the operator

to execute; (2) an execution time function 𝑇 (𝑜𝑖 , 𝑅(𝑜𝑖 )), which

describes the time taken to execute operator 𝑜𝑖 given a re-

source allocation 𝑅(𝑜𝑖 ). The system has a limited amount of

available resources 𝑅total, and at any given time, the sum of

resources allocated to all active operators cannot exceed this

value:

∑
𝑖∈Active(𝑡 ) 𝑅(𝑜𝑖 ) ≤ 𝑅total, ∀𝑡 .

PrecedenceConstraints.The operators are subject to prece-
dence constraints based on the DAG structure. During ex-

ecution, there is no strict dependency between operators,

meaning that operator 𝑜 𝑗 is not required to start only after

𝑜𝑖 completes. If an operator 𝑜𝑖 (such as JoinProbe) depends

on data from its producer 𝑜 𝑗 (like JoinBuild) before it can be-

gin execution, the operator must wait for the completion of

𝑜 𝑗 , and temporarily buffer the data received from other pro-

ducers 𝑜𝑘 ∈ 𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑟 (𝑜𝑖 ) \ {𝑜 𝑗 }. An operator may also face

potential blockages due to dependencies on specialized data

sources. An operator 𝑜 𝑗 must be completed before operator

𝑜𝑖 can start: 𝑆(𝑜𝑖 ) = max(𝐶(𝑜 𝑗 ) +𝑇 (𝑜 𝑗 , 𝑜𝑖 ),𝐶(𝑜𝑘∗ ) +𝑇 (𝑜𝑘∗ , 𝑜𝑖 )),

where 𝑜𝑘∗ = argmin

𝑜𝑘 ∈𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑟 (𝑜𝑖 )\{𝑜 𝑗 }
𝐶(𝑜𝑘 ), 𝐶(𝑜𝑖 ) is the completion

time of operator 𝑜𝑖 , and 𝑆(𝑜 𝑗 ) is the start time of operator

𝑜 𝑗 . Conversely, an operator 𝑜𝑖 , such as NestedLoopJoin that

compares each row from one table with every row from

another table to find matching pairs, treats different pro-

ducers equally, either storing or processing data from differ-

ent upstream producers. It starts after any of its producers

𝑜 𝑗 ∈ 𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑟 (𝑜𝑖 ) have completed or after all producers com-

plete. This operator must satisfy: 𝑆(𝑜𝑖 ) = 𝐶(𝑜 𝑗∗ ) + 𝑇 (𝑜 𝑗∗ , 𝑜𝑖 )

where 𝑜 𝑗∗ = argmin

𝑜 𝑗 ∈𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑟 (𝑜𝑖 )
𝐶(𝑜 𝑗 ) or 𝑜 𝑗∗ = argmax

𝑜 𝑗 ∈𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑟 (𝑜𝑖 )
𝐶(𝑜 𝑗 ).

Objective. We aim to minimize makespan, the time required

to complete all operators, Minimize max𝑖 𝐶(𝑜𝑖 ), where 𝐶(𝑜𝑖 )

is the completion time of operator 𝑜𝑖 . The problem can be

formulated as a Job Shop Scheduling Problem, which is NP-

hard[84, 102]. It can also be formulated to minimize the exe-

cution time of the critical path 𝐿 as Minimize max𝑜𝑖 ∈𝐿 C(𝑜𝑖 ).
This is a classic critical path scheduling problem, which is

inherently difficult to solve optimally [31, 81].

The Scheduling Algorithm. We divide all execution paths

into the longest execution (critical) one (𝐿) and the bypass

ones (𝐵). Based on the precedence constraints analysis from

the problem formalization above, we further categorize the

bypass paths into two types: urgent bypass paths (𝑈 ) and

common bypass paths (𝐶). An urgent bypass path determines

the readiness of the longest execution path. For example, if

an operator 𝑜𝑖 ∈ 𝐿 (e.g., JoinProbe) depends on data from its

producer 𝑜 𝑗 (e.g., JoinBuild) before it can begin execution,

then 𝑜 𝑗 ∈ 𝑈 , while other producers(eg. NestedLoopJoin)

belong to 𝐶 . Note that we complete this classification by

checking the execution logic of all involved operators, using

it as prior knowledge. Thus, we schedule operators based
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(a) SSB benchmark on Gen3-SA nodes.
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(b) TPCH benchmark on Gen3-SA nodes.
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(c) SSB benchmark on Gen4-SA nodes.
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Figure 7. Speedup achieved by TapDB over the cost-driven approach under SSB and TPCH benchmarks on Gen3-SA and Gen4-SA.

on the current execution progress and allocate resources

between critical and bypass operators to minimize total exe-

cution time. Resources should be allocated in a way to make

sure that operators on 𝐿 are executed as quickly as possible,

while bypass operators that affect operators in 𝑈 are also

given sufficient resources to maintain P’s fast execution.

As shown in Algorithm 2, we assign different priorities to

the operators on 𝐿/𝑈 /𝐶 , with 𝐿 having the highest priority,

while the priority between operators of the same category

follows topological order. CPSCHED employs the strict prior-

ity scheduling policy and runs an operator when its resource

requirements are met. Otherwise, we yield lower-priority

operators in 𝑎𝑐𝑡𝑖𝑣𝑒𝑄𝑢𝑒 for higher-priority ones. The blocked

operators release the computing and memory resources and

are re-appended to the readyQue. The scheduler continu-

ously attempts to run as long as the readyQue is not empty.

5 Evaluation
5.1 Experimental Methodology
Implementation Details. TapDB extends FPDB [1] where

we disable the caching, retain the pushdown logic, and in-

tegrate it with our approach. It uses a learning-based cost

estimator (River [22]) and runs on CAF [21] with operator

parallelization and CPU allocation.

Testbed Setup. Our testbed comprises an RDMA-capable

rack with X86-based compute nodes and four generations of

storage nodes. The compute server has two Intel Xeon CPUs,

96GB memory, and a dual-port Nvidia/Mellanox CX-5 NIC.

Application and Metric.We use the Star Schema Bench-

mark (SSB) [19] and TPC-H benchmark [20] under four

scaling factors (1, 30, 100, 200). The workloads use a wide

range of data types, including DECIMAL, INTEGER, DATE,

TIMESTAMP, VARCHAR, and CHAR. Each table is sized

into 50MB partitions in the Parquet [6] format. We mainly
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Figure 8. Achieved speedup (compared with the non-pushdown

case) by TapDB when running SSB and TPCH benchmarks.

report the query execution time, and measure the speedup

relative to the cost-driven (§3.1), FPDB adaptive [118], and

non-pushdown approaches to quantify performance gains.

5.2 Overall Performance
TapDB vs. Cost-Driven Approach. As shown in Figure 7,

TapDB achieves average speedups of 2.3×/1.3×/1.4×/1.3×
and 1.9×/1.7×/1.3×/1.5× for SSB under SF1/SF30/SF100/SF200

on GEN3-SA and GEN4-SA nodes, respectively. For TPCH,

the speedups are 1.7×/1.7×/1.7×/1.6× and 1.7×/1.8×/2.1×/1.8×
under the same scaling factors. This is because our proposed

techniques dynamically adapt to resource variations via on-

line pushdown optimization, unlike static cost-drivenmodels

that ignore table structures and runtime conditions. When

network or storage dominates, TapDB makes the same push-

down decisions as the cost-driven approach, resulting in only

marginal speedups (SSB Q1–5, TPCH Q17,18,20–22).
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Figure 9. Achieved speedup by TapDB and the cost-driven ap-

proach when running SSB and TPCH benchmarks.
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Figure 10. Query performance comparison with TLCE enabled

(w/) and disabled (w/o). The scaling factor is 10.

Pushdown v.s. Non-Pushdown. As expected, TapDB out-

performs the non-pushdown cases by 1.1–6.9× on Gen3-

SA/Gen4-SA nodes (Figure 8), and only achieves 6.5%–8.1%

improvements on Gen1-SA/Gen2-SA nodes (Figure 9).

5.3 Table-aware Learning-based Cost Estimator
Efficiency. Our table-aware learning-based cost estimator

(TLCE) allows TapDB to learn the table’s meta-features on-

line by choosing representative samples. It then constructs

the learning regression model to estimate the computing

cost and enable better pushdown decisions. As shown in

Figure 10, TLCE reduces the query runtime by an average of

22.7% and 36.3% across all evaluated SSB queries on Gen4-SA

and Gen3-SA nodes, respectively. Similarly, it reduces the

query runtime by an average of 42.1% and 45.4% across all

evaluated TPCH queries on Gen4-SA and Gen3-SA nodes.

Cost Estimation Accuracy. We employ an incremental

learning technique for fine-tuning by tracking operator run-

time statistics. We collect both true and estimated execution

times across all SSB queries with scale factors of 1, 10, and 30

on Gen3-SA/Gen4-SA nodes. The evaluation metric is Rel-

ative Mean Absolute Error (RMAE), which normalizes the

Mean Absolute Error (MAE). The maximum, minimum, and

average RMAE are 0.27, 0.07, and 0.16. This indicates that
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Figure 11. Query performance comparison with Pre-Scan Balanc-

ing Operator enabled (w/) and disabled (w/o).

the regression model built via input table size and execution

time of table samples as features can accurately capture the

table structure, leading to smaller estimation bias.

Input Estimation under Skewness. TapDB uses an eager

input estimation scheme that approximates the actual input

size of an operator. It also introduces a Pre-Scan Balancing

Operator to shuffle skewed data, further improving estima-

tion accuracy. To evaluate this, we generate TPC-H skewed

data tables [23] with scale factors of 1, 10, and 30. Each col-

umn in these tables follows a Zipfian distribution. Our results

show that the estimation accuracy using segment sizes of

9000 bytes is 98.6%, 98.1%, and 94.9% when skewness is 0, 2,

and 4, respectively, showing an accuracy improvement of

19.6%, 62.7%, and 73.4% compared with the conventional scan.

Under a scaling factor of 10, we examine the effectiveness of

the Pre-Scan Balancing Operator. As shown in Figure 11, it

reduces the query runtime by an average of 21.1% (12.9%) and

22.4% (23.0%) across all TPCH queries on Gen4-SA (Gen3-SA)

when the skewness is set to 2 and 4, respectively.

5.4 Admission Control for Operator Pushdown
Efficiency. TapDB uses an admission control scheme to

limit concurrent pushdown operations such that they can

stay within the inference-free window. When running SSB

and TPCH benchmarks, we find that the query performance

is improved since less inference happens. As shown in Fig-

ure 12, our proposed scheme saves performance by 15.1%

and 13.6% on average on Gen4-SA and Gen3-SA nodes for

SSB queries, and 14.6% and 13.3% when running TPCH.

Sensitivity to Learning Rate (𝜂). A large 𝜂 leads to over-

shooting, preventing convergence and increasing query run-

time by 35.19% and 40.7% on Gen3-SA and Gen4-SA nodes.

Conversely, a small 𝜂 results in slow adjustments, degrad-

ing query performance by 19.9% and 20.9% on Gen3-SA and

Gen4-SA nodes. when 𝜂 = 0.1 compared to the optimal 𝜂.

Cost Estimation Accuracy. The key reason why admis-

sion control works is that it uses an adaptive parameter 𝐴

to dynamically adjust the estimated operator costs, which
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Figure 12. Query performance comparison between AC enabled

(w/) and disabled (w/o). The scaling factor is 10.
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Figure 13. Query performance comparison with HBTable enabled

(w/) and disabled (w/o). The scaling factor is 30.

reflects the current system load, with higher values indicat-

ing a heavier load. To assess the accuracy of the adjusted

estimated execution times, we evaluate them in the same

way as §5.3 and show that the max, min, and avg. RMAE are

0.21, 0.04, and 0.19, respectively, compared to the values of

0.38, 0.06, and 0.27 when admission control is not applied.

5.5 DRAM-SSD Hybrid Ballooned Table
TapDB uses HBTable to expand the memory interference-

tolerant region, enabling pushdown operators with large

memory footprints and allowing more operator consolida-

tion. We disable the HBTable, control the number of con-

current operators, and induce query execution stalls when

memory overflows, thus assessing the impact of HBTable. As

shown in Figures 13-a/b, HBTable improves the query perfor-

mance by an average of 14.9%/9.4% and 17.2%/13.8% across

all evaluated SSB and TPCH queries on Gen4-SA/Gen3-SA

nodes, respectively. The ballooned table uses extra I/O band-

width to consolidate more operators and associated tables

when exceeding the memory capacity, which leads to more

pushdowns with little performance drops, making the CPU

cycles of the storage nodes fully used.
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Figure 14. Runtime comparison among TapDB scheduler, WFS and

Teris: The first 4 evaluated queries from SSB benchmark and the

remaining ones from TPCH. The scaling factor is 10.
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Figure 15. The query performance comparison between TapDB

and Adaptive Pushdown. The scaling factor is 10. y-axis is log scale.

5.6 Critical Path-driven Operator Scheduler
TapDB designs a critical path-driven operator scheduler that

allocates available CPU cycles based on the longest execu-

tion path within the DAG. We compare with two schedulers

(WFS and Teris) that perform the best in our characteriza-

tion study. Figure 14 shows that our scheduler outperforms

WFS/Teris by 13.1% and 11.5% on Gen4-SA nodes, and by

8.7% and 8.7% on Gen3-SA nodes, on average across 8 queries.

By identifying the critical execution path and data dependen-

cies, the scheduler can allocate CPU cycles more efficiently,

ensuring that resources are utilized where they will have

the greatest impact. This results in improved performance,

particularly for complex, compute-intensive queries.

5.7 Compared with Adaptive Pushdown
The performance of FlexPushdownDB’s adaptive pushdown

scheme [118] is with execution time differencesmostlywithin

1.4–4.2%. However, as shown in Figure 15, a significant per-

formance gap remains when compared to TapDB: on the SSB

benchmark, average speedups of 1.6× and 1.9× are achieved

on GEN4-SA and GEN3-SA, respectively, while on TPC-H,

speedups of 1.8× and 1.9× are attained.

5.8 Resource Usage
We compare resource utilization between the cost-driven

approach and TapDB across CPU, memory, network, and

storage. TapDB reduces CPU andmemory usage by 21.2% and

42.6%, while increasing network traffic by 2× and storage I/O
by 1.3× (Figure 16). This trade-off is enabled by pushdown

admission control and the DRAM–SSD Hybrid Ballooned

Table, which prevent storage overload and reduce memory
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Figure 16. The query average resource usage between Cost-Driven

approach and TapDB evaluated using SSB (first five queries) and

TPC-H (remaining queries). The scaling factor is 30.

pressure. As a result, TapDB shifts bottlenecks from compute

to network and I/O on Gen3-SA and Gen4-SA nodes, trading

abundant bandwidth for scarce compute resources.

5.9 System Overhead
TapDB incurs two major overheads. First, the table-aware

learning-based cost estimator introduces sampling overhead,

increasing total execution time by 0.7%/6.9%/0.8% at sam-

pling ratios of 1%/10%/20%. The query runtime increases

by 0.6%/0.4%/0.8% on Gen3-SA nodes and by 0.8%/0.7%/0.9%

on GEN4-SA nodes. Second, the Pre-Scan Balancing Oper-

ator for skew mitigation increases Scan operator time by

3.8×/1.5×/1.4×, and raises query runtime by 1.6×/1.1×/1.1×
onGEN3-SA nodes and by 1.6%/1.3%/1.1% onGEN4-SA nodes

for segment sizes of 90/900/9000 bytes.

6 Related Work
Storage disaggregation. Disaggregated storage has been

extensively explored and widely adopted [42, 78, 105, 122]

with prior work focusing on remote storage protocol opti-

mization [57, 62, 66], storage stack enhancements [25, 50,

58, 86, 124], programmable networks-based acceleration [36,

49, 53, 72, 75, 77, 79, 80, 82, 92, 94, 95, 98, 100, 101, 121, 125],

and hardware offloading [55, 60, 73, 76, 103, 104, 115]. We

analyze hardware trends in disaggregated storage and revisit

database operator pushdown under modern architectures.

Pushdown database. Prior work explores computation

pushdown to save network cost, such as data reduction [74,

117, 120] and early filtering [61]. FlexPushdownDB [118]

proposes an adaptive pushdown model with storage-side

request rejection, based on a static theoretical model that

assumes data transfer dominates latency. Our characteriza-

tion shows these policy-driven approaches work on Gen1-

SA/Gen2-SA but fail on Gen3-SA/Gen4-SA, motivating four

new mechanisms for next-generation storage hardware.

In-storage-device pushdown. In-storage-device pushdown
executes computation inside storage devices to reduce host–

storage data movement [40, 67]. Prior work [34, 45, 48, 68,

96, 99, 112] explores embedded CPUs, programmable con-

trollers, and FPGA acceleration. TapDB relies on general-

purpose CPUs and standard NVMe SSDs, complementing

these approaches without assuming in-storage accelerators.

NVMe SSDs. People have exploited NVMe characteristics

for system optimizations. including optimizing LSM-based

KV stores [119] and maximizing bandwidth [70]. Besides,

data placement techniques such as FDP [24] and ZNS SSDs

improve performance and reliability by reducing write am-

plification and enhancing parallelism, with extensive studies

on zone management and extensions [32, 37, 51, 59, 87, 88].

TapDB explores computation pushdown and query-level

scheduling without modifying the storage stack.

Cost and cardinality estimation. Query cost and cardi-

nality estimation are fundamental to query optimization.

Prior work explores tree-based feature encoding [107], index-

based sampling [69], hybrid histogram–learningmodels [113],

and set-based neural architectures [64]. Our learning-based

cost estimator follows a similar feature-encoding approach.

Query scheduling. Prior work improves scheduling effi-

ciency using heuristic or learning-basedmethods. Graphene [47]

and Decima [83] target DAG- and job-level scheduling, while

LSched [97] applies reinforcement learning to database queries

via query encoding. In contrast, our design explicitly allo-

cates CPU cycles along the query critical path, making it

better suited for compute-constrained storage nodes.

7 Conclusion
This paper rethinks pushdown database design under emerg-

ing storage disaggregation. Existing policy-driven solutions

designs become ineffective due to the performance bottle-

neck shift and the increasing network and I/O density at the

storage layer. We perform root cause exploration, identify

three limitations, and then develop a pushdown database

with four newmechanisms. Evaluations using SSB and TPCH

benchmarks over our prototype demonstrate 1.3–2.3× per-
formance improvement compared with prior solutions.
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