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ABSTRACT

Enterprise data explosion and the urgent industry demand for real-
time complex multidimensional analytics require OLAP databases
to be highly scalable, efficient, and cost-effective. Though diverse so-
lutions (shared-nothing MPP databases, cloud-native decoupled sys-
tems, in-process analytical engines) exist with respective strengths,
they all have critical inherent flaws.

In response, this paper presents TDSQL, a distributed OLAP
database system developed by Tencent. We leverage its native archi-
tectural advantages, analyze the merits and drawbacks of state-of-
the-art systems, and elaborate on the rationale behind our technical
solution selection and proprietary innovations tailored for TDSQL.
Specifically, built upon the traditional MPP execution framework,
TDSQL incorporates the Forward Node mechanism to enhance scal-
ability. By optimizing parallel execution, runtime filter strategies,
and designing and implementing a vectorized execution engine,
TDSQL achieves rapid response to large-scale complex queries. Ex-
perimental results based on the TPC-DS benchmark demonstrate
that TDSQL ranks first among publicly reported systems. In a clus-
ter configuration for 10,000 GB data size, TDSQL achieves a score
of 72.6 million QphDS, which is 1.81 times and 3.82 times the scores
of the second- and third-highest-performing database systems in
public TPC-DS results, respectively, while offering a 79% and 37%
lower cost per 1000 QphDS.
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1 INTRODUCTION

In recent years, the rapid growth of data volumes has made dis-
tributed OLAP databases, designed to process large-scale datasets
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and support complex analytical queries, essential for data analysis
and decision-making [2, 27, 43, 81, 84]. TDSQL, an enterprise-grade
distributed database developed by Tencent, is deployed on Tencent
Cloud [18] and currently serves over 500,000 users. Although TD-
SQL has been extensively optimized for OLTP scenarios [15, 75],
this paper focuses on its OLAP-oriented optimizations for analyti-
cal workloads. Its exceptional performance is particularly evident
in the official TPC-DS benchmark [73], a globally recognized stan-
dard for evaluating OLAP system capabilities. TDSQL secures first
place and sets a new global record, demonstrating its capabilities in
large-scale data processing and high-concurrency OLAP scenarios.
Continuous growth of enterprise data and complex analytical
demands pose OLAP database development challenges for the in-
dustry [5, 21, 32, 49] and also for Tencent. Our systems must support
real-time ingestion and querying of over 300 TB of monthly data for
payment and telecommunications services, provide financial-grade
reliability for mission-critical workloads across more than 4,000
enterprise customers including seven of China’s top ten banks,
and deliver extreme scalability for complex multidimensional an-
alytics [16, 28, 34, 50, 81] such as multi-terabyte e-commerce log
processing and security analysis over billions of devices.
State-of-the-art OLAP systems have evolved along three ma-
jor architectural paradigms. First, shared-nothing MPP databases
and distributed query engines enable large-scale data processing.
Early representatives including GreenPlum [46] and Vertica [38]
pioneered columnar storage and batch ETL for accelerated analyt-
ics. Later engines such as PrestoDB [68] and Impala [36] adopted
compute-storage decoupling and runtime optimizations. Recent
real-time systems including Druid [79] and ClickHouse [63] further
improve latency via optimized ingestion and multi-level indexing.
Second, cloud-native decoupled platforms such as Databricks [80]
and Snowflake [21] provide elastic, large-scale SQL analytics [54].
Third, in-process engines like DuckDB [61] offer lightweight, high-
performance single-node execution for local analytical workloads.
While these diverse paradigms offer solutions for large-scale
query analysis, they still face critical, architecture-specific chal-
lenges. First, within shared-nothing MPP databases, most systems [46,
63, 70] rely on traditional MPP architectures, requiring numerous
point-to-point connections between nodes for query execution.
This communication overhead limits system scalability. Second,
both shared-nothing MPP databases and cloud-native decoupled
systems [4, 36, 46, 72] frequently encounter low CPU utilization dur-
ing distributed query runs, finding it challenging to fully leverage
computational resources, thereby restricting query performance.
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Third, across all these distributed architectures, systems suffer from
brittle static optimizations. For instance, traditional runtime fil-
ters [11, 25, 51, 53, 85] trigger severe broadcast congestion and fre-
quently become performance bottlenecks in low-selectivity queries.
We have designed and developed the distributed database sys-
tem, TDSQL , which systematically addresses the OLAP challenges
mentioned above. First, TDSQL introduces a centralized communi-
cation mechanism based on Forward Nodes within the traditional
MPP framework, alleviating the “connection explosion” problem
caused by data communication overhead. Second, TDSQL optimizes
operator parallelism using a Virtual DN Parallelism strategy, achiev-
ing full pipeline parallelism at both the shard and operator levels.
This significantly enhances intra-node parallel execution. Addition-
ally, TDSQL incorporates a full-path vectorized execution engine
that enables efficient batch processing of data [7, 8, 55-58, 67].
These strategies collectively improve utilization of computational
resources and enhance query performance. Third, TDSQL applies a
group-wise cascading communication strategy for runtime filters
and an adaptive optimization strategy based on statistical informa-
tion, effectively mitigating the negative impact of runtime filters.
We evaluate TDSQL based on the official TPC-DS benchmark [73]
and achieve first place in the publicly reported results [74]. Un-
der a 10,000 GB data size configuration, TDSQL achieves a score
of 72,603,042 QphDS, outperforming the second- and third-place
commercial systems by factors of 1.81 and 3.82, respectively. In
the tests, the single-stream and multi-stream response times are
372.9 seconds and 731.9 seconds, respectively, showing a 56.0% and
74.0% reduction compared to the second-place system. The cost
per 1000 QphDS is 37.52 CNY, which is 79% and 37% lower than
the second- and third-place systems, respectively. Additionally, we
evaluate TDSQL against open-source systems [46, 61, 68] such as
Greenplum [46] and DuckDB [61] under the TPC-DS benchmark.
Experimental results show that TDSQL achieves 4.34x higher query
performance and superior scalability compared with Greenplum.
In single-node evaluations, it further delivers 2.16X lower query
latency than DuckDB, demonstrating its strong computational ef-
ficiency. Moreover, real-world performance tests also show that
TDSQL consistently outperforms competitors by at least 40%.
The main contributions of this paper are summarized as follows:
We introduce the design, implementation, and optimization of
TDSQL, a distributed database system.
We analyze current practices and introduce our solutions and
corresponding implementations to address the challenges faced
by current distributed OLAP databases.
We conduct the official TPC-DS benchmark on TDSQL, achieving
significant performance improvements in both score and cost
efficiency. Furthermore, we demonstrate TDSQL’s advantages
through evaluations under real-world workloads.

2 BACKGROUND AND MOTIVATION

TPC-DS. This benchmark, defined by the Transaction Processing
Performance Council, evaluates the performance of database sys-
tems through 99 complex SQL queries that model a retail decision-
support workload. The queries cover multi-table joins, aggregations,
sorting, and nested subqueries, stressing large-scale data processing
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Table 1: Comparison to representative analytical open-source
database systems. (Comm. = Communication, Op. = Operator,
Vec. = Vectorized, Exec. = Execution, RT. = Runtime.)

Feature GreenPlum PrestoDB ClickHouse DuckDB TDSQL
SQL Syntax Support v v v v
MPP Architecture v v v v
Centralized Comm. 4
Full Op. Parallelism v v v
Vec. Exec. Engine v v v
Adaptive RT. Filter v
Columnar Storage v v v v v

and query-optimization capabilities. TPC-DS [73] is widely recog-
nized as the standard for assessing modern analytical systems.

Application Scenario. TDSQL, Tencent’s enterprise-grade dis-
tributed database initiated in 2008 and open-sourced in 2019 [17],
achieves the top rank in the official TPC-DS benchmark with a
new global record. After over a decade of development, it has been
widely deployed in finance, retail, telecom, and government sec-
tors, serving more than 4,000 enterprise customers, including seven
of China’s top ten banks and PICC’s core credit card platform.
It supports a wide range of mission-critical analytical workloads,
including operational analytics, regulatory reporting, and high-
throughput log processing. For example, e-commerce platforms
generate multi-terabyte logs within hours during major promo-
tional events, requiring low-latency multidimensional analytics;
telecommunications services require real-time analysis of call-detail
records and network quality metrics. TDSQL has also been deployed
for core workloads of a major domestic mobile phone manufacturer,
covering billions of mobile devices and tens of millions of new
security-related data entries daily. Details are in Section 8.6.

Revisiting Existing Distributed OLAP Databases. Distributed
OLAP systems have evolved rapidly [1]. Early systems like Green-
plum [46], Sybase IQ [47], Vertica [38], and Teradata DB [71] often
used columnar storage but relied on heavy batch ETL. Later en-
gines such as PrestoDB [68], Kylin [37], and Impala [36] pursued
compute-storage decoupling and execution optimizations. Mod-
ern real-time OLAP systems, including Druid [79], Vedb-htap [12],
ClickHouse [63], and Doris [23], support streaming ingestion and
low-latency queries. Systems like HANA [26, 48, 62] extend ana-
lytics to data lakes via caching and elastic compute. Cloud plat-
forms including Redshift [5], Snowflake [21], BigQuery [35], and
Databricks [80] provide elastic large-scale analytics. DuckDB [61]
offers high-performance embedded single-node analytics using vec-
torized execution.

Motivation. Despite remarkable progress, open-source and
Cloud OLAP systems still face architectural and performance lim-
itations that hinder scalability and execution efficiency. Table 1
compares four representative open-source systems (GreenPlum,
PrestoDB, ClickHouse, and DuckDB) from key architectural dimen-
sions. The comparison reveals several critical gaps that motivate
TDSQL’s design for large-scale complex analytical decision-making.
First, most systems rely on traditional MPP architectures. Although
such designs enable query parallelism, point-to-point connections
cause communication overhead, scalability limits, and “connection
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Figure 1: Query latency of DBMSs from TPC-DS public report

explosion” in large clusters. Cloud hyperscalers (e.g., Databricks)
use decoupled architectures and external shuffles but incur net-
work/I/O overhead from distributed storage, leaving massive scala-
bility with native MPP’s low-latency data movement unaddressed.
Second, mature systems generally lack full operator-level paral-
lelism and native vectorized execution. While some engines like
DuckDB [61] have pioneered these paradigms, naively retrofitting
them into mature architectures introduces severe intra-node coor-
dination overheads and legacy compatibility barriers. Without a
systematic co-design, CPUs are underutilized in complex workloads.
Third, although runtime filters are prevalent in distributed OLAP
systems, they suffer from two fundamental limitations: prohibitive
communication overhead from flat full-mesh broadcasts and static
evaluation brittleness, which causes performance regressions in
low-selectivity scenarios as overhead outweighs pruning benefits.
Finally, systems like ClickHouse are constrained by limited SQL sup-
port, while DuckDB is inherently bottlenecked by its single-node
design in large-scale analytics.

Commercial OLAP databases exhibit similar architectural and
performance limitations, leading to observable performance bottle-
necks. Recent studies [14, 24, 70, 81] further show that under simu-
lated real-world scenarios containing up to 10 TB of data, existing
commercial databases still suffer from high query latency when exe-
cuting complex workloads. Figure 1 illustrates the results of testing
99 SQL queries across multiple distributed OLAP databases from the
TPC-DS open report [74]. Evidently, even the best-performing sys-
tems incur an average query latency of over 25 seconds under multi-
stream workloads (2509 seconds over 99 queries). For high-load,
real-time analytical environments, such latency is sometimes unac-
ceptable. Therefore, designing a more efficient distributed OLAP
system is urgently needed to meet demand for complex queries and
large-scale analytical processing.

3 OVERVIEW

To tackle these challenges, TDSQL adopts a traditional MPP frame-
work [46, 63, 70]. As Figure 2 illustrates, the GTM manages global
transactions, the Coordinator handles query distribution, and Datan-
odes manage storage and execution. Furthermore, it integrates a cus-
tom columnar storage system, Estore, alongside execution-engine
optimizations that significantly improve complex query efficiency.

Novelty. TDSQL introduces four key optimizations, summarized
in Figure 2. First, we introduce Forward Nodes and establish a data
forwarding intermediary layer, mitigating connection explosions
from inter-node data communication in traditional MPP frame-
works (Section 4). Second, we propose a Virtual DN Parallelism
strategy for operator-level parallelism, which, when combined with
the existing random parallelism, achieves efficient parallelization of
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Figure 2: TDSQL system core architecture

all operators. Additionally, we replace the traditional pull execution
with push and pipeline execution models, enabling fully asynchro-
nous parallel execution of query plan partitions (Section 5). Third,
we design and implement a native vectorized execution engine and
its underlying columnar storage system, significantly improving
TDSQL’s query execution efficiency (Section 6). Fourth, we propose
a group-wise cascading runtime filter communication strategy and
an adaptive runtime filter application strategy based on historical
data and statistical information, effectively reducing the commu-
nication overhead of runtime filters and mitigating the negative
impact in low-selectivity scenarios (Section 7). Below, we organize
these optimizations according to the bottlenecks they address: com-
munication overhead, CPU efficiency, and runtime filter robustness.

(1) Topology Transformation via Forward Nodes. Traditional MPP
architectures face the severe connection explosion problem during
heavy data shuffling. To mitigate this without migrating to high-
latency external storage services, we introduce the Data Forward
Bus, composed of intermediary Forward Nodes. This architectural
shift transforms the physical full-mesh topology into an efficient
intra-server star topology. By multiplexing cross-machine connec-
tions and leveraging zero-copy shared memory for intra-machine
communication, Forward Nodes alleviate connection bottlenecks
while preserving strictly low-latency data movement.

(2) Co-designed Parallelization and Vectorization. To maximize
CPU utilization, we systematically upgrade the execution engine
across two dimensions. For parallelization, we introduce a two-
tier strategy: (a) At the plan fragment level, we replace traditional
pull execution with a push model [65], uniquely orchestrated by a
Pipeline mechanism to ensure fully asynchronous execution while
preventing resource overload. (b) At the operator level, we propose a
Virtual DN Parallelism strategy. By enforcing strict intra-node data
partitioning, it overcomes the inherent limitations of traditional
random parallelism, enabling strictly lock-free parallel execution
for complex operators that were previously unparallelizable. For
vectorization, to address compatibility challenges within a mature
ecosystem, we implement a non-intrusive execution framework
built atop a hybrid columnar storage engine (Estore). By synergizing
adaptive row-vector adapters with redesigned zero-copy memory



structures and SIMD-accelerated operators, it enables legacy scalar
execution to seamlessly coexist with high-performance batch pro-
cessing, drastically improving computational efficiency without
requiring pervasive architectural refactoring.

(3) Hierarchical and Adaptive Runtime Filtering. To overcome
the inherent scalability bottlenecks of runtime filters in shared-
nothing architectures, we propose a novel group-wise cascading
communication strategy. Unlike traditional flat broadcasting that
triggers network congestion, this mechanism leverages Forward
Nodes to perform local aggregation before inter-group transmis-
sion, effectively transforming the full-mesh "broadcast explosion”
into a controlled hierarchical exchange. Complementing this, we
introduce a multi-level adaptive framework that pioneers the inte-
gration of statistics-based construction checks with history-aware
sliding-window bypassing. This dual-layer innovation ensures that
TDSQL maintains maximum pruning efficacy while eliminating the
performance regressions common in low-selectivity scenarios.

4 FORWARD NODE ARCHITECTURE

Efficient intermediate data movement, particularly the heavy shuf-
fling inherent in distributed joins, remains a critical performance
bottleneck in modern distributed OLAP systems [13]. Existing data
exchange mechanisms face a latency-scalability trade-off and typ-
ically fall into three paradigms. First, traditional MPP architec-
tures, such as Greenplum [46] and Vertica [38], rely on tightly
coupled full-mesh point-to-point connections; although this design
is low-latency, it suffers from connection explosion and resource
contention as clusters scale. Second, cloud-native hyperscalers, in-
cluding Databricks [80] and BigQuery [35], improve scalability
through decoupled external shuffle services that write intermediate
data to dedicated nodes or distributed storage, but the resulting
disk I/O and multi-hop network overheads compromise low-latency
targets. Third, engines such as PrestoDB [68] and ClickHouse [63]
use TCP connection multiplexing or per-server connection pools
to mitigate socket exhaustion, but these incremental optimizations
do not address the root cause of topological inefficiency.

TDSQL employs an MPP architecture with a multi-Datanode,
multi-process deployment per server for production-grade process-
level isolation, confining resource contention and failures to individ-
ual Datanodes rather than impacting the entire server. To mitigate
the associated connection overhead, we introduce Forward Node
(FN) as an intermediate layer that replaces full-mesh P2P commu-
nication. FN unifies intra-server zero-copy shared memory and
inter-server FN-to-FN connection multiplexing, cutting physical
connection costs while retaining low-latency data transfer. Unlike
Hyper Dimension Shuffle [59], which restructures the dataflow
graph to bound fan-in and fan-out, FN optimizes only the physical
communication path without altering the logical shuffle semantics.

4.1 Data Communication Layer

Analysis. Traditional MPP architectures face severe connection
explosion during data redistribution. When the system is deployed
across n servers with a total of N data nodes, during the data redis-
tribution phase, each Datanode needs to establish point-to-point
network connections with (N — 1) other Datanodes to perform
data transfer, leading to a system connection scale of O(N?). When
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Figure 3: Forward Node-based transmission architecture

the system supports X concurrent queries, the number of con-
nections will expand to O(X - M - N?) due to the complexity of
queries often involving M levels of join operations. This connection
growth consumes limited system resources such as memory and
incurs overhead from socket creation, maintenance, and teardown,
thereby limiting scalability.

Design. To address this, we propose a centralized data redistri-
bution architecture based on the Forward Node as a data interaction
bus, as shown in Figure 3. The core idea is a dedicated data forward-
ing intermediary layer, the Data Forward Bus, which is composed
of Forward Nodes. A Forward Node is deployed on each server as
the data communication proxy for that server. Within the server,
the Forward Node exchanges data with the local Coordinators and
Datanodes via a shared memory mechanism, avoiding the need for
inter-node connections. Across servers, all Coordinator and Datan-
odes route data through the local Forward Node, with cross-server
data transmission carried by the connections between Forward
Nodes. Now, regardless of the query complexity or concurrency,
the entire cluster’s connection is limited to O(n - (n — 1)).

4.2 Modular Architecture

As shown in Figure 3, the Forward Node features a modular design
with four core components. First, the metadata management mod-
ule maintains communication metadata between the Forward Node
and Coordinators/Datanodes, including process identifiers, etc. Sec-
ond, the distributed shared memory module allocates dedicated
memory spaces for each Datanode for data sharing, storing node
statistics, receive queue states, and other related information. Third,
at the data transmission layer, it establishes a bidirectional com-
munication mechanism through the Sender and Receiver modules.
The Sender module uses sender shared memory to buffer Fragment
messages; a merge thread performs message merging operations,
while the sender message queue and sender thread handle message
scheduling and dispatching. Fourth, the Receiver module comprises
receiver shared memory, receiver threads, and a receiver message
queue, ensuring reliable data reception and processing.

4.3 Data Messages

Data messages serve as the core carriers for user data transmission
and are fully routed and transmitted by Forward Nodes. They can
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be classified into two typical modes: intra-server communication
and inter-server communication.

Intra-server Communication. TDSQL utilizes shared memory
to implement zero-copy data transmission, enabling connectionless
communication between nodes on the same server. When Coordi-
nators and Datanodes on the same physical server need to exchange
data, the source node directly writes the data into a pre-allocated
memory area via the shared memory interface. The Forward Node,
as the manager of the memory area, is responsible for routing and
distributing the data. The target node reads the required data via
the same shared memory interface.

Inter-server Communication. TDSQL adopts an indirect rout-
ing mechanism based on Forward Nodes. As shown in Figure 4, a
source node requests shared memory from its local Forward Node,
writes the data, and immediately returns, enabling asynchronous
submission. The Forward Node’s scheduling thread retrieves mes-
sages from the Fragment message queue, identifies their destina-
tions using the fragment identifier (FID), and routes them to the
corresponding sender message queues. Dedicated sending threads
then perform network transmission, after which the memory block
is returned to the sender buffer pool. At the receiving Forward Node,
incoming data are stored in memory allocated from the receiver
buffer pool and placed in the receiver message queue. The schedul-
ing thread uses the FID to route each message to the corresponding
Fragment message queue, where the target process reads the data
and releases the memory block. By combining zero-copy shared
memory, asynchronous message queues, and multi-threaded sched-
uling, TDSQL decouples data sending and receiving and improves
inter-server transmission efficiency.

5 PARALLEL EXECUTION

Inefficient parallel execution is a primary bottleneck for complex
analytical queries in distributed OLAP databases; TDSQL addresses
this via two key architectural optimizations in its parallel execution
framework. First, at the query plan fragment level, TDSQL shifts
from the traditional pull-based model (used in Greenplum [46] and
Impala [36]) to a push-based execution model, an established prac-
tice in modern engines like ClickHouse [63]. To avoid resource
contention and system overload caused by naive push-based ex-
ecution, TDSQL further introduces a Pipeline execution scheme
with resource-aware orchestration, enabling safe asynchronous
parallel execution. Second, at the operator level, intra-node multi-
core execution suffers from two shortcomings: shared-memory
engines have severe lock contention and cache thrashing, while
morsel-driven engines (e.g., DuckDB [61]) use thread-local states
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to avoid locks but face expensive final merge bottlenecks. TDSQL
addresses these limitations with a virtual Datanode (VDN) archi-
tecture. RemoteSubplan redistributes data across isolated VDN to
ensure data-range independence, enabling lock-free, zero-merge
parallel execution for complex operators. Combined with a deter-
ministic hybrid strategy that falls back to random parallelism based
on upstream input distribution semantics, this forms TDSQL’s core
execution innovation to enhance node-level computation.

5.1 Fragment-Level Parallelism Optimization

Analysis. Many distributed database engines adopt a pull-based ex-
ecution model [29], as exemplified by the Volcano iterator model [30],
where consumers request data from producers. Although Volcano-
style execution can support parallelism through exchange oper-
ators, the original demand-driven fragment framework may still
suffer from synchronization waits and limited coordination among
concurrently runnable fragments under a bounded resource budget.

Design. Unlike Volcano-style parallelism, which uses exchange
operators within a pull-driven pipeline, TDSQL focuses on push-
based cross-fragment orchestration. During query plan execution,
lower-level plan fragments proactively push data to the higher-level
plan fragments in real time, avoiding the synchronization waits
in the original demand-driven framework. Meanwhile, TDSQL in-
troduces a data thread mechanism, which performs asynchronous
prefetching and data structure transformation of the pushed data,
enabling the higher-level fragments to obtain the required data in
a timely manner. This approach eliminates the dependency on the
state and progress of other fragments, ensuring parallel processing
of multiple plan fragments. This mechanism enables logical decou-
pling between plan fragments and fully asynchronous execution,
significantly enhancing parallelism and query performance.

In resource-abundant environments, executing multiple plan
fragments concurrently can significantly improve overall execution
efficiency. However, in resource-constrained environments, exces-
sive parallelism can lead to system overload. To address this, we
have designed a Pipeline-based execution architecture. TDSQL orga-
nizes plan fragments into multiple Pipelines based on the producer-
consumer relationships in the query plan tree and arranges their
execution according to logical dependencies. Within each pipeline,
different plan fragments are executed asynchronously in parallel.
TDSQL allocates parallel threads to each plan partition as needed,
ensuring that the total parallelism within a pipeline does not exceed
TDSQL’s maximum supported parallelism. This approach avoids
the risk of system overload caused by simultaneously executing
multiple plan fragments in parallel. Through this mechanism, TD-
SQL dynamically adjusts the parallelism of plan fragments within
the Pipeline based on their complexity, thereby achieving better
resource allocation and scheduling.

Example. As shown in Figure 5, the query plan can be divided
into five distinct plan fragments. During execution, these fragments
use the push model and can be executed in parallel without waiting
for each other. If the query is run in a resource-constrained envi-
ronment, parallel execution of multiple HashJoin operators across
plan fragments may cause system overload. Thus, we utilize the
pipeline execution mechanism. As shown in Figure 6, assuming
TDSQL’s maximum supported parallelism is 8, TDSQL organizes
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the five query plan fragments into four pipelines and establishes
the corresponding execution flow based on their dependency rela-
tionships. While ensuring that the parallelism within each pipeline
does not exceed 8, parallel threads are allocated to the two plan frag-
ments in each pipeline as needed, thereby fully utilizing computing
resources while avoiding system overload.

5.2 Operator-Level Parallelism Implementation

Analysis. Within the plan fragments of a node, traditional oper-
ator parallelism often relies on random parallelism, where input
tuples are randomly assigned to multiple parallel worker threads
without enforcing key-range independence [46]. While this ran-
dom parallelism mechanism can improve query performance in
certain scenarios, it is highly dependent on the coordination among
workers, which presents significant limitations. Due to the random
distribution of data across workers and the lack of a globally con-
sistent partitioning strategy, hash buckets constructed by different
workers may conflict, making it difficult to correctly aggregate local
computation results. This issue renders parallelization of operators
such as window aggregation and full join challenging. Additionally,
the frequent coordination and data exchanges between workers
introduce extra communication and synchronization overhead, sig-
nificantly affecting the efficiency of parallel hash computations.
Design. To address these limitations, TDSQL introduces Virtual
DN Parallelism, an intra-node partitioned execution strategy based
on virtual Datanodes. This abstraction is related to exchange-style
redistribution in parallel query engines such as PrestoDB [64, 68]
and SQL Server [31, 39, 52], where tuples are locally routed among
parallel workers according to partitioning requirements. In con-
trast, TDSQL adapts and integrates this idea into a virtual Datanode
abstraction tailored to its MPP runtime. Within a node, TDSQL sim-
ulates multiple virtual Datanodes at the software level; each virtual
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Datanode owns an independent data range and executes operators
autonomously, thereby reducing worker coordination overhead
and enabling correct parallel execution for partition-sensitive oper-
ators. To ensure data independence across virtual Datanodes, the
RemoteSubplan operator acts as the intra-node distribution bound-
ary, redistributing tuples according to the downstream operator’s
partitioning requirements and maintaining partition consistency
for the operator’s results. With Virtual DN Parallelism, operators
such as window aggregation and full join can be parallelized within
a node, while the execution efficiency and parallelism of hash join
operations are also significantly improved. The Virtual DN Paral-
lelism strategy not only provides flexible adaptation to different
operators’ parallelism but also achieves near-linear performance
scaling with the increase in the number of virtual Datanodes, thus
offering dynamic tuning capabilities for diverse workloads.

In the Virtual DN Parallelism strategy, TDSQL relies on the
RemoteSubplan operator for data redistribution, ensuring that data
is partitioned across virtual Datanodes according to the parallelism
degree and maintaining data range independence. However, its
reliance on RemoteSubplan limits the applicability of Virtual DN
Parallelism to certain operators. To address this limitation, we pro-
pose a hybrid operator-level parallelism strategy that chooses be-
tween random parallelism and Virtual DN Parallelism based on
the distribution semantics of an operator’s upstream inputs. An
operator adopts Virtual DN Parallelism only when its upstream
contains a RemoteSubplan operator that provides a key-partitioned
input; otherwise, it falls back to random parallelism. Data skew is
further mitigated because RemoteSubplan performs range-based
repartitioning using data distribution statistics, ensuring balanced
data volumes across virtual Datanodes. This deterministic decision
rule enables fine-grained operator parallelism while preventing
redundant data movement and improving execution efficiency.

Example. As shown in Figure 5, TDSQL applies differentiated
operator execution strategies to the operators in fragment1 and
fragment2 during query execution: (1) For the TableScan opera-
tor in fragment1, since there is no RemoteSubplan operator in the
upstream, TDSQL uses traditional random parallelism for parallel
execution of TableScan operators; (2) In fragment 2, for complex
operators such as Hashjoin with upstream RemoteSubplan opera-
tors, TDSQL adopts the Virtual DN Parallelism strategy, ensuring
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Figure 7: The storage design of Estore in TDSQL

data isolation and correct result aggregation through pre-execution
data redistribution.

6 SYSTEMATIC VECTORIZATION DESIGN

Vectorization and columnar storage have become de facto standards
in modern OLAP systems, as exemplified by Databricks [80] and
DuckDB [61]. However, integrating a native vectorized engine into
TDSQL’s mature ecosystem without degrading legacy workload
performance remains a significant architectural challenge. Rather
than reinventing vectorization fundamentals, our work focuses on
a non-intrusive system co-design for seamless integration.

To bridge the gap between transactional ingests and analytical
scans, TDSQL’s Column Storage Engine (Estore) employs an LSM-
like architecture, leveraging a row-oriented Stash to absorb mixed
inserts without fragmenting the underlying columnar (Silos). Build-
ing on this storage foundation, we introduce four core non-intrusive
execution upgrades: (1) an adaptive row-vector adapter that dy-
namically connects legacy operators with vectorized subtrees for
hybrid execution; (2) a redesigned in-memory architecture featuring
ColumnVector for efficient batched processing, backed by Vector-
Buffer linked lists to eliminate costly deep memory copies; (3) vec-
torized reconstruction of key operators (e.g., HashAgg, HashJoin)
via Selection Vectors and bitmap-driven probing to enable branch-
less execution; and (4) a metadata-driven binary-search mapping
framework that extends SIMD acceleration to thousands of existing
scalar functions with minimal refactoring.

6.1 Estore Column Storage Engine

This part details how our design handles the impedance mismatch
between high-throughput mixed inserts and columnar analytical
scans [22, 82]. This paper implements a hybrid storage structure, Es-
tore, tailored to our ecosystem to enhance both query performance
and storage efficiency.

Our storage structure, as shown in Figure 7, organizes each col-
umn’s data in a separate file, divided into silos, the fundamental
storage and processing units. Each silo holds a fixed number of rows
for one column with variable physical size. The registry table serves
as the metadata catalog and forms the core organizational structure
of the Estore. Each row in the registry corresponds to the metadata
of a specific silo and facilitates system-level management of all
silos. Additionally, the stash table is a row-oriented heap structure
designed to accommodate fragmented data, streaming data, and
OLTP-style mixed workloads. Functioning as a “staging area” for
Estore, the stash table temporarily buffers small inserts when the
number of inserted rows falls below a predefined threshold. These
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Figure 8: In-Memory data structures for vectorized execution

rows are stored in row format within the stash to avoid fragmen-
tation in the registry/silo layout. TDSQL periodically merges the
contents of the stash table into the appropriate silos.

6.2 Vectorized Execution Engine

Effective vectorized execution depends on both columnar-storage
locality and the underlying execution model. To this end, TDSQL
architects a non-intrusive vectorized execution engine framework,
including dynamic vectorized transformation of query plans, de-
sign of in-memory data structures, vectorized reengineering of
operators, and vectorized implementation of scalar functions.

6.2.1 Vectorized Execution Framework. The vectorized execution
framework improves query performance by transforming tuple-
at-a-time processing into column-vector-based batch processing,
thereby exploiting the efficiency of vectorized computation.

To vectorize a query plan, the framework greedily traverses and
rewrites the plan tree in a bottom-up manner. For each plan node,
TDSQL checks whether the node, its expressions, and the entire
subtree support vectorized execution. If so, the subtree runs in vec-
torized mode; otherwise, TDSQL inserts a row-vector conversion
adapter between vectorized and non-vectorized operators. This pre-
serves correctness and compatibility without rewriting the legacy
execution engine.

6.2.2 Data Structures in Memory. In traditional row-based storage,
data is organized in memory using TupleTableSlot, where data
transfer between operators during query execution occurs at the
granularity of a TupleTableSlot. However, this organization does
not effectively support batched computation and column-oriented
data transfer needs. To overcome this limitation, TDSQL designs a
new memory organization for vectorized computation.

Memory Design. As shown in Figure 8, TDSQL introduces the
VectorTableSlot data structure to represent tuple vectors, with
the ColumnVector serving as the core data structure for column
vectors. The VectorTableSlot acts as a container for multiple
ColumnVector instances, which hold the vector data for each col-
umn, as well as maintains relevant metadata and system vector
information. The ColumnVector stores the operands involved in
the computation, thus supporting batched operations.

To enhance memory efficiency, ColumnVector classifies data by
its length. For fixed-length data not exceeding 8 bytes, the data is
directly stored in the vals array of ColumnVector; for fixed-length
data exceeding 8 bytes and variable-length data, an indirect storage
mechanism is employed, with data stored in memory blocks pointed
to by the buf pointer. The vals array holds only the pointer to the
start of the data. Additionally, ColumnVector tracks column data
consistency features through parameters and uses a flags array



to maintain metadata such as null states and compression status,
which supports optimization during subsequent computations.

To address memory management challenges in large-scale data
storage, TDSQL employs VectorBuffer to manage memory blocks
uniformly. This structure is implemented as a linked list of multiple
TinyBuffer nodes, with each TinyBuffer representing a contigu-
ous block of available memory. Through this self-maintaining buffer
management mechanism, TinyBuffer ensures that variables are
stored contiguously, thereby minimizing cache misses and improv-
ing memory access efficiency. Moreover, the separate storage of
larger variables reduces memory copying between operators, facili-
tating faster memory reuse.

6.2.3 Vectorized Operator Reconstruction. TDSQL’s execution en-
gine vectorizes key operators, including RemoteSubplan, Scan,
HashAgg, and HashJoin, achieving a full transition to batch-oriented
processing. Since HashAgg and HashJoin dominate both query per-
formance and CPU time, the following discussion focuses on their
vectorized design and implementation.

HashAgg Operator Vectorization. TDSQL implements HashAgg
using xxHash [20] and linear probing, with a two-tier Pointer Block-
Payload Block hash-table structure [88]. When the hash table ex-
ceeds the memory threshold, intermediate data are spilled to disk
and subsequently reloaded for merge processing. During vector-
ized execution, a SelectionVector partitions batched probing results
into absent-key, existing-key, and collision groups, which are pro-
cessed separately for insertion, update, and continued probing.
This branch-reduced processing improves pipeline efficiency, while
SIMD instructions accelerate hashing and key comparison.

HashJoin Operator Vectorization. TDSQL vectorizes both the
build and probe phases of HashJoin. In the build phase, inner-table
tuples are hashed in batches to construct the hash table. In the probe
phase, outer-table tuples are processed in batches, and matched
positions are recorded in a bitmap to support branchless batch
output. SIMD instructions accelerate hashing and key comparison,
while paralle] hash-table construction and probing exploit task-level
parallelism, thereby reducing per-tuple processing overhead.

6.2.4 Vectorized Function Implementation. In columnar storage
systems, traditional scalar functions are typically designed to oper-
ate on individual data elements. When processing columnar vector
data, these functions require row-by-row invocation, which limits
the potential for batch processing and SIMD computation [8]. To
address this limitation, this paper proposes a metadata-driven func-
tion mapping mechanism that, while preserving the existing data
type architecture, only implements vectorized versions of the func-
tions and establishes a mapping relationship between scalar and
vectorized functions. During the vectorized execution phase, TD-
SQL efficiently locates and invokes the vectorized functions using a
binary search algorithm. This design avoids rewriting thousands of
functions, reducing implementation complexity and code intrusion
while preserving scalability and maintainability.

7 RUNTIME FILTER OPTIMIZATION

TDSQL systematically implements three types of runtime filters,
Bloom Filter [44, 69, 78], Range Filter [3, 45], and In Filter, to ac-
commodate diverse data distributions and query patterns.
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Analysis. While runtime filtering is an industry standard, scal-
ing it in shared-nothing architectures exposes two critical bottle-
necks demanding architectural co-design. First, severe broadcast
overhead. In Shuflle Joins, traditional MPPs, such as Greenplum [46]
and PrestoDB [68], suffer from severe network congestion due to
full-mesh broadcasting. Meanwhile, cloud-native hyperscalers like
Databricks [80] circumvent this via decoupled storage-layer prun-
ing, leaving the compute-tier broadcast problem unresolved for
native shared-nothing engines. Second, evaluation rigidity. In low-
selectivity scenarios, static Cost-Based Optimizers (CBOs) often
mandate the costly broadcast of useless filters because their car-
dinality estimations inevitably degrade after complex multi-table
joins. Conversely, pure execution-time bypassing mechanisms, as
seen in ClickHouse [63], still incur the initial sunk costs of filter
construction and transmission.

Group-wise Cascading Communication Strategy. As a na-
tive shared-nothing engine, TDSQL cannot circumvent transmis-
sion bottlenecks via decoupled storage privileges. Instead, we miti-
gate the all-to-all broadcast explosion by introducing a hierarchical
runtime filter transmission mechanism based on group aggregation
and cascaded transmission. Specifically, multiple Datanodes within
the same physical machine are organized into a group, where the
Forward Node aggregates the locally generated runtime filters from
all Datanodes to construct a group-level runtime filter. Next, each
group’s Forward Node performs a single inter-group broadcast
to deliver the group-level runtime filter to the target machines.
Upon receiving external group-level filters, the Forward Node of
the target machine merges them with its locally generated filters to
form the final global runtime filter, which is then distributed to all
local Datanodes. This scheme significantly reduces redundant cross-
node transmissions and effectively alleviates the communication
overhead of large-scale runtime filters in Shuffle Joins.

Statistical Information-Based Adaptive Strategy. Rather
than falling into the extremes of rigid static CBOs or pure reactive
bypassing, we introduce a multi-level adaptive strategy to robustly
mitigate performance degradation in low-selectivity scenarios.

During the construction phase, TDSQL adaptively determines
whether to generate a runtime filter based on the estimated filtering
effectiveness derived from statistical information. Consider a join
between tables T and S on attribute Z, where NDV denotes the
number of distinct values, and NDVy(Z) and NDVs(Z) denote the
NDVs of attribute Z in T and S, respectively [41]. Assume that T
is the probe-side base table and S is the build-side table. The fil-
tering effectiveness of constructing a runtime filter is estimated
as filtering_effectiveness = 1 — %ﬁg;, TDSQL sets a predefined
threshold f; runtime filters are disabled if estimated filtering effec-
tiveness drops below f.

When runtime filters are enabled, TDSQL incorporates a history-
aware adaptive mechanism during the probe phase. As shown
in Algorithm 1, during batch data processing, TDSQL employs
a sliding-window approach to continuously monitor the filtering
rate of previous batches and dynamically determine whether to ap-
ply the filter to the current batch. If the filtering rate of the previous
batch is insufficient, TDSQL skips filtering for the current batch.
Moreover, if two consecutive batches within the sliding window
exhibit poor filtering rates, TDSQL disables runtime filters for both



Algorithm 1: Dynamic adaptive filtering algorithm
Input: X = {X;,Xy,...,X,}, where X; is the i-th batch with |X;|
records, and |x;| denotes the number of records filtered out
from the i-th batch, « is a system-defined threshold.
Output: The filtered results.

1 fori=1—->ndo

<
2 | Fepd

3 if i ==1o0rF;_1 > « then

4 ‘ Enable Runtime Filter ;

5 else

6 if i ==2 or Fi_; > « then

7 | Disable Runtime Filter ;

8 else

9 Disable Runtime Filter for current and next batches ;
10 L i—i+1;

11 return The filtered results;

the current and the next batch. This mechanism effectively miti-
gates the efficiency loss incurred when runtime filters are applied
to specific batches of data with low selectivity.

These strategies enable TDSQL to adapt runtime filters dynami-
cally based on historical performance and data traits, maximizing
pruning efficacy while ensuring correctness and avoiding slow-
downs in low-selectivity cases.

8 EVALUATION
8.1 Experimental Setup

Configuration. The experiments are conducted on a cluster com-
prising eight physical machines, each equipped with an Intel Xeon
Platinum 8163 CPU @2.50GHz (112 vCPUs), 1024 GB memory, and a
two-tier storage architecture consisting of 2x960 GB SATA SSDs for
system storage and 16 X 7.68 TB NVMe SSDs for high-performance
data storage. All machines are interconnected via a high-speed 100
Gbps Silver Fir Intelligent NIC network infrastructure.
Methodology. We compare TDSQL [19] with three open-source
OLAP systems: GreenPlum [46], PrestoDB [68] and DuckDB [61].
GreenPlum (now no longer open-source) employs a traditional MPP
framework and does not incorporate optimizations related to paral-
lel and vectorized execution. PrestoDB adopts a decoupled storage
and computation strategy, using the Apache ORC file format for
data storage and integrating HDFS as the storage layer, with partial
vectorization improvements implemented. DuckDB, as a single-
node OLAP database, natively implements vectorization but does
not support clustering. We also compare two commercial systems,
AnalyticDB [81] and TeleDB [70], via official TPC reports [74]. In
addition, we compare TDSQL with representative modern Cloud
SQL warehouses, i.e., Databricks [80] and Snowflake [21]. We use
a Databricks X-Large SQL warehouse for the 1 TB experiment in
Figure 9, and Databricks 5X-Large and Snowflake 6X-Large ware-
houses for the 10 TB comparison in Table 3, all on Microsoft Azure.
Since cloud warehouse sizes are vendor-managed and not hardware-
identical, we report these results as practical cloud baselines rather
than hardware-normalized comparisons.

Workload. To ensure evaluation accuracy and reliability, we ad-
here to standard TPC-DS specifications, comprehensive guidelines
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Table 2: TPC-DS publicly official reports

Rank Performance pt._time | tt_time Price/kQphDS
(Qphps) | P~ - (CNY)
TDSQL 1 72.60M 372.9s 731.9s ¥37.52
TeleDB 2 40.20M 847.8s | 2811.6s ¥179.73
AnalyticDB 3 18.99M 849.9s | 2508.5s ¥59.27

for implementing the TPC-DS decision support benchmark [73]
that enable fair, reproducible performance assessments of complex
analytical queries across database systems. We run benchmark tests
on the TPC-DS workload with a default scale factor of 10000 (10 TB).
Beyond the benchmark, we also evaluate TDSQL on real produc-
tion OLAP workloads, including security analytics over billions of
mobile devices generating tens of millions of new entries daily, and
retail analytics over hundreds of millions of sales and inventory
records, involving complex joins and aggregation queries.
Performance Metric. We use single-stream and multi-stream to
describe benchmark-level query-stream concurrency. The single-
stream setting runs one TPC-DS query stream, while the multi-
stream setting runs multiple query streams concurrently. Pt_time
and tt_time represent the total execution times for 99 queries in
single-stream and multi-stream TPC-DS configurations [73]. Re-
sponse time refers to either of these metrics, depending on the
context. QphDS represents the database system’s overall perfor-
mance score according to the TPC-DS benchmark. Latency denotes
the execution time of a single query, while CPU usage reflects the
real-time average CPU utilization across all cores. All results are
collected by averaging three executions of the respective tasks.

8.2 TPC-DS Results

Comparison with Commercial Systems. In the standard TPC-
DS 10,000 GB benchmark test, TDSQL demonstrates exceptional per-
formance, achieving the first-place results in the open report [74].
Table 2 summarizes the performance of TDSQL and compares it
with the second-place system, TeleDB [70], and the third-place sys-
tem, AnalyticDB [81, 83]. In the standard test suite consisting of
99 complex SQL queries, TDSQL achieves a processing capacity of
72,603,042 QphDS with a 128-node cluster configuration, outper-
forming TeleDB and AnalyticDB by 1.81X and 3.82X, respectively.
In this test, TDSQL exhibits outstanding computational capabilities,
completing the 99 complex analytical queries in 372.9 seconds under
the single-stream setting and 731.9 seconds under the multi-stream
setting. In both cases, TDSQL demonstrates clear performance ad-
vantages over TeleDB and AnalyticDB.

Also, TDSQL excels in data management and cost efficiency. TD-
SQL completes the loading of 10,000 GB of data in just 319.1 seconds,
while the execution time for data manipulation operations is merely
25 seconds, further validating TDSQL’s outstanding efficiency in
large-scale data loading and maintenance tasks. As shown in Table 2,
TDSQL demonstrates significant cost-effectiveness advantages, as
reflected by the price/performance metric. Compared to TeleDB
and AnalyticDB, TDSQL reduces the cost per 1000 QphDS by 79%
and 37%, respectively. This achievement sets a new performance
record in the TPC-DS benchmark [74].
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Figure 9: Comparison with Open-source and Cloud Systems

Comparison with Open-Source and Cloud Systems. To fur-
ther assess, we conduct a 1000 GB TPC-DS benchmark test. Figure 9
presents a comparison of query latency across different systems.
TDSQL’s pt_time for 99 queries is 179.4s, outperforming traditional
GreenPlum, validating its vectorized execution, parallel optimiza-
tion, and runtime filter gains. PrestoDB has much higher latency
due to its disaggregated storage-computation architecture. While
flexible, it requires disk-to-memory data loading, adding heavy
I/0 overhead. Since DuckDB is designed for efficient single-node
execution and lacks a distributed version, we evaluate it on a single-
node setup matching our test environment. In this setup, DuckDB
performs exceptionally well, surpassing distributed systems like
GreenPlum and PrestoDB in query efficiency, reflecting the high
efficiency of its execution engine. However, DuckDB’s scalability in
large-scale datasets is limited by the memory capacity and computa-
tional resources of a single machine. To further validate the compu-
tational capability of TDSQL in a single-node environment, we test
TDSQL in such a setup. As shown in Figure 9, Single-node TDSQL
(TDSQL-1) achieves a query latency of 250.0 seconds, compared to
DuckDB’s 539.3 seconds, demonstrating the superior query perfor-
mance of TDSQL in single-node environments. Beyond open-source
comparisons, we also compare our system against Databricks. Provi-
sioned with an X-Large configuration to match TDSQL-1’s compute
capacity, this decoupled architecture prioritizes horizontal scalabil-
ity and elastic storage. In contrast, TDSQL focuses on maximizing
per-core efficiency through tight data integration. Consequently,
TDSQL-1 maintains highly competitive response times, making
it suitable for compute-dense scenarios. We further extend the
cloud-warehouse comparison to the 10 TB workload in Table 3.
TDSQL completes the 99-query single-stream run in 372.90 sec-
onds, whereas Databricks and Snowflake take 782.36 seconds and
726.15 seconds, respectively. Under these practical cloud baseline
configurations, TDSQL achieves 2.10x and 1.95X shorter response
times, showing its efficiency on large-scale TPC-DS workloads.

8.3 Ablation Study

We conduct a series of ablation studies targeting the proposed key
designs. By systematically removing specific optimization com-
ponents, we construct multiple system variants for comparative
analysis. Specifically, we design three single-ablation variants: the
variant without parallel optimization strategies (w/o parallelism,
w/o par), which relies on traditional parallel processing mecha-
nisms; the variant without vectorized execution (w/o vectorization,
w/o vec), which disables the vectorized execution engine and re-
verts to the traditional tuple-at-a-time execution model; and the
variant without runtime filter (w/o runtime filter, w/o fil), which
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Table 3: 10 TB TPC-DS comparison with cloud warehouses

System TDSQL Databricks Snowflake
pt_time (s) 372.90 782.36 726.15
. ” // 7 GreenPlum
L6000 | 5 w/o par + vec + fil
2 ? ? w/o par + vec
Fa000 7 - H ] &7 wio vec + fil
© 7 oo g == w/o par + fil
& o v I Bl w/o vec
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Figure 10: Comparison between TDSQL and all variants

eliminates the runtime filter mechanism. On top of these, we fur-
ther construct combined ablation variants to assess the synergistic
effects of multiple optimizations.

Overall Ablation Results. We evaluate TDSQL (full system
and ablation variants) and GreenPlum using the TPC-DS bench-
mark’s 99 standard queries, testing single-stream and multi-stream
concurrent workloads as shown in Figure 10. The vectorized exe-
cution engine cuts overall query time by more than 70% in both
workloads, highlighting the gains of batch-oriented processing.
The runtime filter cuts total run time by 65.1% and 55.2% in single-
stream and multi-stream settings, respectively, demonstrating its
effectiveness in dynamically pruning irrelevant data and mitigating
network transfer overhead. The adoption of the proposed parallel
optimization strategies consistently improves query performance
across workloads, thereby underscoring their effectiveness in query
computation and resource management. Furthermore, our results
reveal that the combination of multiple optimization techniques
produces compounding effects, substantially outperforming any
single optimization alone. Notably, all TDSQL variants outperform
GreenPlum. Since GreenPlum follows a traditional MPP commu-
nication model, this comparison is consistent with the benefit of
Forward Nodes in reducing inter-node communication overhead
for complex distributed queries.

Detailed Analysis of Ablation Impact. Next, we perform a
fine-grained analysis of the response times for 99 queries under the
single-stream setting in TDSQL and its three individual ablation
variants. Furthermore, Figure 11 quantitatively evaluates the per-
formance characteristics of each optimization by reporting the ten
queries with the largest latency reductions, where query IDs are
sorted within each subfigure.

First, enabling parallel execution optimizations improves 83% of
queries, with 53% achieving more than a 50% speedup. As shown
in Figure 11a, the top 10 queries with the most pronounced perfor-
mance gains typically involve large-scale joins between fact tables
as well as complex aggregations such as multi-level GROUP BY and
Window Agg operations. In these scenarios, the combined use of
the RemoteSubplan operator and the Virtual DN Parallelism strat-
egy enables highly parallel execution of complex operators such as
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Figure 11: Impact of ablation on TPC-DS query latency

HashAgg. Furthermore, by performing fully asynchronous sched-
uling of plan fragments in conjunction with resource-aware load
distribution, TDSQL achieves efficient parallel execution of frag-
ment tasks. Overall, the adoption of parallel execution strategies
substantially improves the utilization of computational resources
and significantly reduces the response time of complex queries.

Second, utilizing the vectorized execution engine improves 78%
of the 99 evaluated TPC-DS queries, with 46% achieving more than a
50% speedup. This shows optimization effects across the vast major-
ity of queries. As shown in Figure 11b, we list the top 10 queries with
the most significant response time improvements after enabling the
vectorized execution engine. Analysis indicates that these queries
typically involve computation-intensive operations, such as com-
plex aggregations and large-scale sorting. The vectorized execution
engine transforms the traditional row-by-row processing mode into
a batch processing mode and leverages SIMD instruction sets, effec-
tively reducing data transfer overhead and latency associated with
upstream and downstream dependencies. This not only reduces
I/O operations and improves CPU resource utilization, but also
increases the throughput of computation-intensive tasks, thereby
enhancing query response efficiency.

Third, runtime filter optimization improves 83% of the 99 evalu-
ated TPC-DS queries, with 29% achieving over 50% speedup. Fig-
ure 11c shows the top 10 accelerated queries, which mostly involve
joins between large fact tables and dimension tables. Early filtering
during large-table scans removes substantial redundant data, cut-
ting unnecessary transfer and processing. The grouped cascading
transmission lowers communication overhead, and the statistics-
driven adaptive scheme avoids slowdowns in low-selectivity cases,
keeping runtime filters efficient for complex workloads.

8.4 CPU Monitoring in Ablation Experiment

To validate the mechanism of the relevant optimizations, we moni-
tor the CPU utilization before and after the introduction of parallel
optimization and the vectorized execution engine.

First, we evaluate the impact of parallel optimization by monitor-
ing CPU utilization during TPC-DS benchmark tests. As shown in
Figure 12, enabling parallel execution optimizations increases the
average CPU utilization by 35% in the single-stream query scenario
and by 6% in the multi-stream query scenario, validating the strat-
egy’s effectiveness in enhancing computational resource utilization
and parallel processing capabilities. Moreover, by monitoring the
distribution of CPU utilization across the nodes in the cluster, we
find that the resource utilization is consistent across nodes, demon-
strating that the strategy achieves good load balancing.
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Figure 12: CPU utilization of the parallel optimization

Second, we conduct a detailed analysis of CPU utilization with
and without the vectorized execution engine. As shown in Figure 13,
enabling the vectorized execution engine consistently maintains
high CPU utilization during queries. The batch processing mode
significantly improves the utilization of CPU resources by operators.
In contrast, without it, TDSQL suffers from low CPU utilization due
to heavy I/O, with queries spending substantial time waiting for
upstream data. After enabling the vectorized engine, the average
CPU utilization on nodes increases by 24% and 12% in single-stream
and multi-stream scenarios, respectively, further demonstrating the
effectiveness in optimizing compute-intensive tasks.
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Figure 13: CPU utilization of the vectorized execution

8.5 Scalability Evaluation

Different Data Scales. To evaluate the scalability of TDSQL and
the best competitor, Greenplum, under varying data volumes, we
conduct experiments on datasets ranging from 1 TB to 16 TB.
As shown in Figure 14a, at the 1 TB scale, TDSQL outperforms
Greenplum by approximately 4.30% and 4.99X in single-stream and
multi-stream response times, respectively. This gap widens with
larger datasets, reaching nearly 19x faster query responses in both
workloads at the 16 TB scale. As data size increases, Greenplum
shows sharply deteriorating query latency. When the dataset grows
from 1 TB to 16 TB, the single-stream execution time increases
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Figure 14: Query latency under single-stream (ST) and multi-
stream (MT) experimental settings

from 778.99s to 8377.55s, and the multi-stream latency grows from
1187.99s to 15700.91s, highlighting its limitations for large-scale
analytics. In contrast, TDSQL shows a far smoother latency growth.
The single-stream latency increases from 179.38s to 437.19s, and
the multi-stream latency grows from 237.88s to 821.82s, showing a
moderate increase. This controlled growth stems from optimized
parallel execution and vectorized batch processing, which maintain
efficient cluster-wide data handling as data scales expand.
Different Machine Scales. To evaluate the scalability under
different cluster sizes, we conduct experiments on the TPC-DS
benchmark with a 1 TB dataset in environments comprising 16,
32, 64, and 128 nodes. The 1 TB scale is chosen because Green-
plum encounters out-of-memory issues when processing a 10 TB
dataset on small-scale clusters. As shown in Figure 14b, TDSQL
consistently achieves significantly lower latency than Greenplum
in all configurations, and its performance steadily improves as the
node number increases. This end-to-end scalability result benefits
from the Forward Node-based design described in Section 4, where
intra-server shared memory and inter-server connection multiplex-
ing help reduce connection-management overhead at larger cluster
sizes, thereby contributing to TDSQL’s horizontal scalability.

8.6 Case Study of Real Workloads

Currently, we have successfully deployed TDSQL across over 15,000
instances for OLAP scenarios. Among these deployments, migra-
tions from systems such as PostgreSQL and similar systems have
achieved an overall performance improvement of more than 50%.
Next, we also conduct a systematic evaluation of TDSQL in real-
world OLAP scenarios. As shown in Table 4, we select two real-
world workload scenarios, PSI and Retail, and conduct tests us-
ing representative query tasks in each. The PSI scenario, which is
security-focused, analyzes security data generated from billions of
mobile devices, with tens of millions of new entries recorded every
day. This results in an enormous and constantly growing dataset,
where OLAP is used to perform in-depth analysis. The evaluation
tasks for PSI cover three core categories: large-scale scans (W2,
W5), complex joins (W3, W6), and aggregation-intensive analyses
(W4). The Retail scenario, the other tested workload, uses OLAP for
omni-channel operational analysis, and its test focus is primarily on
evaluating complex join tasks (W1), a key query type for comput-
ing sales, inventory, and promotion metrics to support data-driven
retail decision-making. The experimental results demonstrate that
TDSQL consistently outperforms the anonymous competing sys-
tem (OP) across all scenarios, exhibiting substantial performance
advantages with at least a 40% improvement in each scenario. As
TDSQL is increasingly adopted in practical deployments, we plan

4020

Table 4: Comparison of TDSQL to opponent (OP)

Database W1 w2 w3 W4 W5 W6
(0)3 1292ms  93ms 433ms 545ms 53ms 61ms
TDSQL 423ms 39ms 195ms 287ms 29ms  34ms

to further refine TDSQL based on real-world feedback to enhance
its efficiency and robustness under diverse workloads.

8.7 Discussion and Insight

Potential for Performance Improvement. Unlike the primary
memory bottleneck observed in TPC-C testing [15], our TPC-DS
benchmark reveals a CPU utilization bottleneck during parallel
execution of large-scale complex queries, with CPU usage exceed-
ing 90%, while memory remains low at 60%. This indicates that
further CPU performance optimizations could unlock substantial
performance gains. This issue parallels the challenges in retail and
e-commerce analytics, where sufficient memory exists for paral-
lel query processing, but CPU constraints force queries into wait
queues. We hypothesize that leveraging more powerful computing
hardware, such as upgrading to newer Intel/ AMD processors, of-
floading tasks to GPUs [9, 40, 66, 76, 77], or adopting specialized
analytical processors [6] could substantially improve computational
capacity and system throughput.

Trade-off Between Query Efficiency and Parallelism. It
is often assumed that higher parallelism leads to better query ef-
ficiency, but our observations show this is not always the case.
Similar to OLTP hotspots [33, 75], when the level of parallelism be-
comes excessively high, system performance actually experiences
an obvious degradation. Currently, we set the maximum parallelism
based on empirical experience to achieve near-optimal performance.
However, this approach may prove too complex for certain clients.
Therefore, in the future, we plan to develop a strategy for real-time
adjustment of the maximum parallelism, driven by real-time work-
load analysis and Al-assisted decision-making based on the current
load [10, 42, 60, 86, 87]. This approach aims to mitigate the impact
of parallelism settings on query efficiency as much as possible.

9 CONCLUSION

This paper presents the design and optimization of TDSQL, an
OLAP database system designed for complex analytical scenarios.
TDSQL employs a series of optimization techniques to enhance sys-
tem scalability and significantly improve the execution efficiency
of complex queries on large-scale datasets. Experimental results
demonstrate that TDSQL achieved an outstanding performance
of 72.6 million QphDS in the TPC-DS benchmark, significantly
surpassing the second- and third-ranked systems in the publicly
available TPC-DS results, highlighting its advantages in data inges-
tion, processing, and query execution.
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