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ABSTRACT
Vector search systems are essential infrastructure for modern data-
driven applications. Large-𝑘 analytical vector search, which re-
trieves 𝑘 = 103–105 results for analytics (e.g., aggregation, filtering,
joins), is increasingly important for emerging workloads, including
LLM data management and advertising analysis at Tencent. Exist-
ing systems remain inadequate: specialized vector databases often
cap 𝑘 (e.g., 𝑘 ≤ 104) to satisfy tail-latency constraints and offer
limited analytical support, while OLAP systems typically embed
per-segment vector indexes as black boxes, causing severe read/-
compute amplification and preventing native query optimization.

This paper presents TEngineDB-V, an OLAP-native vector search
system for large-𝑘 workloads. TEngineDB-V makes vector search a
first-class analytical primitive in Tencent’s OLAP engine through
a global segment-decoupled index materialized as relational ta-
bles, eliminating scatter–gather execution, reducing amplification,
and enabling native storage optimizations. It decomposes IVFPQ-
based search into relational operators, integrates OLAP optimiza-
tions, and introduces DPPQ, which combines direction-aware quan-
tization with hierarchical residual refinement to improve recall
while preserving relational efficiency. TEngineDB-V further incor-
porates index-aware query rewriting and a distributed-aware cost
model for efficient distributed execution. Experiments show that
TEngineDB-V achieves up to a 145× speedup over competitive sys-
tems such as StarRocks, and up to a 52× improvement in 10-billion-
scale production deployments.
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Table 1: Comparison of small-𝑘 and large-𝑘 workloads.

Workload 𝒌 Latency Serving Applications

Small-𝑘 1 ∼ 1K Low Answers Image Retrieval, RAG

Large-𝑘 1K ∼ 100K Moderate Exploratory Training Set Retrieval,
Advertising Data Analysis

PVLDB Artifact Availability:
The source code, data, and/or other artifacts have been made available at
https://github.com/petrizhang/relify.

1 INTRODUCTION
Vector search has become a fundamental building block of mod-
ern database and multimodal search systems [4, 8, 13, 15, 32, 34,
46–48]. It typically involves two common query types: Approxi-
mate 𝑘-Nearest Neighbor Search (ANNS), which retrieves the top-𝑘
most similar vectors from a large-scale dataset, and Filtered ANNS
(FANNS), which incorporates attribute-based predicates to restrict
the search scope and returns the top-𝑘 most similar vectors within
the filtered subset. With the emergence of new applications, vector
search workloads are no longer confined to small-𝑘 scenarios. In-
stead, many applications require a large number of results, typically
ranging from 103 to 105. For example, in our production environ-
ment at Tencent, we maintain a corpus of over 10 billion images
within TEngineDB-V to serve the training set retrieval and analysis
requests for Text-to-Image/Visual model developers [37–39, 41].
They typically retrieve 104–105 images to build domain-specific
fine-tuning datasets [17, 40]. They also use our system to compute
aggregate statistics that characterize the quality and distribution of
training sets that either semantically correspond to particular text
prompts or are visually similar to given reference images.
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adopts a relational execution paradigm, transforming IVFPQ-based
search into a composable sequence of relational operators and en-
abling native optimizations such as late materialization and runtime
filters. This design is particularly effective for large-𝑘 workloads,
as it leverages the multi-threaded OLAP engine to parallelize key
operations (e.g., inverted-list scanning, LUT construction, and dis-
tance computation), avoiding the scalability limitations of tradi-
tional single-threaded execution. However, traditional IVFPQ-based
search often relies on low-precision distance estimation and there-
fore requires refining 2𝑘–3𝑘 candidate vectors to ensure accuracy,
making refinement increasingly expensive as 𝑘 grows. To address
this issue, we develop DPPQ, which improves distance estimation
accuracy by redesigning the quantization mechanism and integrat-
ing refinement directly into fused relational operators, avoiding the
costly large-scale raw-vector refinement stage. (3) At the control
layer, we design an index-aware query rewritingmodule that injects
vector index semantics into the relational optimizer and enumerates
logically equivalent plans. A distributed-aware cost model further
evaluates these plans by jointly modeling CPU, memory, and net-
work costs. For large-𝑘 hybrid queries, this optimization is essential
since substantial intermediate results amplify join, materialization,
and network overheads.
Product Impact. TEngineDB-V has been widely deployed in pro-
duction environments at Tencent, powering advertising analysis,
LLM services, and multimodal data analytics. Our largest dedi-
cated cluster for large-𝑘 workloads comprises 30+ compute nodes
managing 100TB of data with about 10 billion image embeddings,
consistently delivering <5s latency for top-100,000 search.
Contributions. Our contributions are summarized as follows.

(1) We propose TEngineDB-V, the first OLAP-native vector
search systemdesigned for large-𝑘 workloads. It introduces
a new paradigm that tightly integrates IVFPQ-style indexing
with relational storage and execution, enabling scalable large-
result retrieval within production-grade OLAP infrastructures.

(2) We design a segment-decoupled global indexing frame-
work with table-centric materialization. These designs
eliminate exhaustive scatter-gather execution across all seg-
ments and substantially reduce read/compute amplification
under large-𝑘 workloads, while enabling native storage-level
optimizations.

(3) We present a relational execution paradigm for vector
search with an enhanced quantization method.We decom-
pose IVFPQ-based search into composable relational operators,
allowing seamless integration and OLAP-native optimizations.
To reduce quantization error, we develop DPPQ, which leverages
direction-aware quantization and hierarchical residual refine-
ment to improve accuracy while keeping relational efficiency.

(4) Wedevelop an index-aware distributed optimization frame-
work. The framework injects vector index semantics into logi-
cal plans and jointly models CPU, memory, and network costs
to select efficient execution plans in distributed environments.

(5) We conduct extensive experimental and production eval-
uations at billion scale. Experimental results demonstrate up
to a 145× speedup over competitive systems under large-𝑘 work-
loads, while 10-billion-scale production deployment achieves
up to a 52× performance gain.

2 PRELIMINARIES
This section first presents two typical vector search query types,
followed by an overview of representative vector search systems
and the IVFPQ index.

2.1 Two Query Types for Vector Search
ANNS. Given a dataset 𝑋 = {x1, . . . , x𝑛} ⊂ R𝑑 and a query vec-
tor q ∈ R𝑑 , 𝑘-nearest neighbor search (𝑘NNS) returns a subset
𝑆𝑘 ⊂ 𝑋 with |𝑆𝑘 | = 𝑘 such that for any x ∈ 𝑆𝑘 and y ∈ 𝑋 \ 𝑆𝑘 ,
dist(q, x) ≤ dist(q, y). In high-dimensional spaces, exact 𝑘NNS is
computationally prohibitive due to the curse of dimensionality [31].
Approximate nearest neighbor search (ANNS) relaxes the accuracy
requirement by returning vectors whose distances are close to those
of the true top-𝑘 neighbors with high probability, thereby substan-
tially reducing computational overhead while maintaining strong
empirical accuracy [27].
FANNS. Filtered Approximate Nearest Neighbor Search (FANNS)
augments ANNS with attribute predicates evaluated alongside vec-
tor similarity [28, 44, 54, 58]. Formally, given a filtering predicate
𝑃 : 𝑋 → {true, false}, let 𝑋𝑃 = {x ∈ 𝑋 | 𝑃 (x) = true} be the sub-
set of vectors that satisfy the predicate. FANNS identifies a subset
𝑆𝑘 ⊂ 𝑋𝑃 of size min(𝑘, |𝑋𝑃 |) such that dist(q, x) ≤ dist(q, y) for
any x ∈ 𝑆𝑘 and y ∈ 𝑋𝑃 \ 𝑆𝑘 .

2.2 Existing Vector Search Systems
Specialized Vector Search Systems and Libraries. Milvus [50],
Pinecone [35], Weaviate [53], Qdrant [36], FAISS [1], and SPTAG [9]
are specialized ANNS systems or libraries built on PQ- or graph-
based indexes (e.g., HNSW [31]), primarily optimized for latency-
sensitive small-𝑘 workloads. As 𝑘 grows, the number of maintained
candidates and intermediate results increases substantially, enlarg-
ing the effective search space and diminishing pruning effectiveness.
Therefore, under large-𝑘 analytical workloads, they often suffer
from significantly reduced query efficiency.
Database-Integrated Vector Search Systems. To bridge vec-
tor search and relational analytics, recent database and analytical
systems have introduced vector search extensions within their ar-
chitectures, including Elastic Search [15], PGVector [34], GaussDB-
vector [48], Doris [4], StarRocks [47], SingleStore-V [8], and Blend-
House [32]. In these designs, vector search is implemented as a
specialized module whose execution logic remains opaque to the
optimizer and compute engine. As a result, despite the availability
of mature OLAP optimizations, e.g., columnar compression and
vectorized execution, these modules cannot fully exploit them.

Under large-𝑘 workloads, these systems often exhibit severe
performance degradation. This is largely due to segment-coupled
indexing and scatter–gather execution: each data segment main-
tains an independent local index, and execution requires probing all
segments and merging their partial results. As 𝑘 increases, this frag-
mented execution amplifies I/O, intermediate materialization, and
network overhead, leading to serious read/compute amplification.

2.3 IVFPQ Algorithms
IVFPQ [24] is one of the most widely adopted indexing structures
for large-scale ANNS. As our system is built upon an IVFPQ-based
search, we briefly introduce its fundamental principles below.
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3.2 SQL Dialects
TEngineDB-V offers a flexible, easy-to-use SQL interface for manip-
ulating tables/indexes and performing vector search or complex
analytics. For example, the following SQL creates a table that is
hash-sharded into 512 buckets by the primary key id, with each row
containing an embedding vector and several structured attributes.

1 CREATE TABLE images (

2 id bigint ,

3 embedding array <float >,

4 category varchar ,

5 author_id bigint

6 )

7 PRIMARY KEY(id)

8 DISTRIBUTED BY HASH(id) BUCKETS 512;

The following statement builds a global IVFPQ index on embedding
paired with primary key id.

1 CREATE GLOBAL INDEX vector_index

2 ON images(embedding ,id) USING VECTOR

3 REFRESH IMMEDIATE ASYNC EVERY (INTERVAL 1 day)

4 PROPERTIES ("index_type"="ivfpq", "dim"="768",

"nbits"="4", "nlist"="1024");

We adopt an asynchronous strategy for index refreshing: the
system checks the base table at most once per day and triggers a
full background rebuild upon detecting any changes (Section 4.2).

Finally, the following SQL demonstrates a complex query pattern
frequently observed in our production workloads. It presents a hy-
brid query that combines structured filtering (e.g., high-resolution
images with width > 1024) with vector search, and joins the re-
trieved visually similar images with campaign metadata to retain
ad creatives from a specific industry for advertising analysis.

1 SELECT t.image_id , t.category , t.dist

2 FROM (

3 SELECT image_id , category , campaign_id ,

4 approx_l2_distance(embedding ,

[0.1 ,0.2 ,...]) AS dist

5 FROM images WHERE width > 1024

6 ORDER BY dist LIMIT 1000000

7 ) t

8 JOIN campaigns c ON t.campaign_id = c.id

9 WHERE c.industry = 'automotive ';

4 UNIFIED TABLE STORAGE ENGINE
In modern analytical databases and vector management systems [4,
8, 15, 32, 47, 48, 50], data is typically horizontally split into multiple
segments based on scalar attributes (e.g., primary keys or times-
tamps), and vector indexes are constructed independently for each
segment. These indexes are commonly stored as proprietary bi-
nary files (or sidecar files) tightly bound to their corresponding
data segments. We refer to this design as segment-coupled indexing.
However, this design introduces two fundamental limitations.
(1) Segment-coupled indexing enforces a scatter-gather ex-
ecution, leading to severe amplification.When the dataset is
sharded into thousands of segment-local indexes, query process-
ing must broadcast the query to all segments, compute local top-𝑘

candidates, and perform a centralized global merge. This architec-
ture scales poorly as either 𝑘 or data volume increases. As they
grow, both local search costs and global merging overhead expand
significantly, amplifying overall query latency.
(2) Storing the vector index as an isolated file prevents the
system from leveraging native optimizations. The index is
maintained in a specialized format, which is incompatible with the
standard data storage engine. As a result, general-purpose opti-
mizations such as columnar compression and fine-grained caching
cannot be directly applied to index data. Instead, the compute engine
accesses the index through rigid, black-box APIs, which limits fine-
grained resource scheduling and operator fusion, and ultimately
constrains execution efficiency.

Motivated by these, TEngineDB-V adopts a unified storage archi-
tecture centered on two core designs: Segment-Decoupled Global
Indexing, which builds a global index to eliminate scatter–gather
execution, and Table-Centric Index Storage, which materializes in-
dexes as relational tables to enable native optimizations. We first
introduce the overall data organization andmulti-tier cachingmech-
anism in Section 4.1, followed by detailed descriptions of these two
designs in Sections 4.2 and 4.3.

4.1 Data Organization and Multi-Tier Cache
Table Data Organization. Following a similar storage design to
popular OLAP systems Doris [4] and StarRocks [47], TEngineDB-V
tables are horizontally partitioned (typically by time or range) to
enable pruning. Each partition is then hash-bucketed into shards.
One shard serves as the fundamental unit of physical data distribu-
tion and cluster scaling, mapping directly to an independent path
on remote storage (COS/HDFS). Within each shard, rowsets repre-
sent immutable, atomic ingestion batches tagged with monotonic
version numbers for MVCC; each rowset comprises one or more
segments. A segment is a self-contained columnar file applying
three optimization layers: flexible encoding (dictionary, bit-shuffle,
RLE, etc.) at the column level, compression (LZ4, ZSTD, etc.) at the
page level, and auxiliary indexes (ZoneMap, Bloom filters, etc.) at
the file level to minimize I/O.
Multi-Tier Fine-Grained Cache. To mitigate remote storage ac-
cess latency, each compute node maintains a two-tier, fine-grained
caching system consisting of both in-memory and on-SSD caches.
Raw data is logically split into fixed-size blocks (typically 1 MB)
for fine-grained caching. A hierarchical lookup strategy is used for
data access: queries first probe the memory tier, then fall back to the
local SSD cache, and finally retrieve data from remote storage if nec-
essary. When a block is evicted from memory, it is asynchronously
demoted to the SSD tier; data evicted from the SSD tier is perma-
nently discarded. Furthermore, TEngineDB-V enables cross-node
cache access during cluster scaling, allowing new nodes to fetch
data from existing peers before resorting to remote storage, thereby
eliminating cold-start penalties during elastic expansion.

4.2 Segment-Decoupled Global Indexing
As illustrated in Figure 4, rather than constructing independent
local indexes for each data segment, we build a single global vector
index that spans the entire dataset. This index is physically decou-
pled from the underlying data segments and stored as a separate
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table. This architecture is termed as segment-decoupled indexing,
which fundamentally eliminates the exhaustive scatter–gather exe-
cution pattern inherent in segment-coupled paradigm. Rather than
broadcasting queries to thousands of segment-local indexes and
merging their intermediate top-𝑘 results, the query directly navi-
gates the global index to identify relevant clusters and the search
cost only scales with probed cluster count, significantly reducing
read/compute amplification.

However, constructing and refreshing large-scale global index
is non-trivial, as it requires aggregating and clustering massive
volumes of vectors across all data partitions and refresh the globally
consolidated structure, imposing immense computational, network,
and disk I/O overhead. We address these challenges as follows.
Global Index Construction.We leverage Apache Spark [56] to
build the global index. To construct the index, we submit Spark
jobs to read our data files and perform distributed clustering to
generate the IVF and PQ metadata (e.g., centroids and codebooks).
The system then associates each vector with an IVF cluster ID
and encodes it into PQ codes, bulk-loading the resulting records
into TEngineDB-V’s index tables. Using Spark offers distributed
scalability for billion-scale vector clustering/encoding and fault-
tolerant execution that ensures robust index construction.
Global Index Refreshing. In the segment-decoupled architecture,
handling updates requires periodically rebuilding the global index,
which is expensive. To avoid blocking online queries, we perform
index refresh asynchronously via background Spark jobs and apply
the new index through an atomic swap. As a result, TEngineDB-V
adopts an eventual consistency model: during the refresh interval,
the index may lag behind the base table (e.g., deleted IDs may
still appear, and newly inserted vectors are not visible until the
next rebuild). This design is well-suited for analytical workloads
with infrequent updates (days/weeks). A similar approach can also
be found in the materialized view refresh mechanisms of open-
source OLAP systems like Doris [4] and StarRocks [47], as well as
in commercial products such as Snowflake [14].
Rethinking Global Index Storage. While a unified global index
eliminates scatter–gather overhead, it introduces a new systems
challenge: how to efficiently materialize and access this large, con-
solidated index structure within storage engine. If the global index
is stored as a single big opaque binary file, it would not only create
I/O bottlenecks but also remain outside the scope of the engine’s
native storage optimizations. This architectural tension directly
motivates our second core design: Table-Centric Index Storage.

4.3 Table-Centric Index Storage
TEngineDB-V adopts a table-centric index storage design, in which
the global index is materialized as relational tables and sharded
across segments instead of segment-coupled, opaque binary file.
Index Tables. As illustrated in Figure 4, we decompose the IVFPQ
index into three relational tables: (1) an IVF centroid table, storing
cluster identifiers (CIDs) and their centroids for cluster probing,
sharded by CID; (2) a PQ codebook table, maintaining subspace
codebooks and not sharded; and (3) a quantized vector table, map-
ping CIDs to vector identifiers (PIDs) and storing PQ codes, also
sharded by CID. PQ codes from different subspaces are materialized
as separate columns to align with the columnar execution model

Segment-Decoupled and Table-Centric Indexing (Ours) Segment-Coupled Indexing

Segment 1 Segment 2 …

Global Index

Segment n

Index Storage

CID Centriod
IVF Centroid Table

SubID SubCode

PQ Codebook Table
SubCentriod

Code1 Code32

Quantized Vector Table
CID PID

Sharded by Clusters

Data Storage

PID

Data Table
Vectors Atrr1 …

0 53 …(0.34,	…)

1 26 …(0.21,	…)

2 28 …(0.49,	…)

3 88 …(0.10,	…)

4 65 …(0.76,	…)

Sharded by PID

Segment 1 … Segment n

Local
Index

Local
Index

Local
Index

Data and Index Storage

PID

Data Table
Vectors Atrr1 …

Index File

IVF Clusters

PQ Codebook

Quantized Vectors

Sharded by PID

Coupled
Decoupled

…

Figure 4: Storage architectural comparison.

and enable SIMD-friendly computation. Sharding by CID further
ensures that only relevant shards are accessed during IVF probing.
Native Optimizations. Our table-centric design enables the global
index to fully leverage native engine optimizations along the stor-
age and execution pipeline. (1) Columnar Compression. Since index
tables are stored in columnar format, they automatically benefit
from built-in compression schemes (e.g., dictionary encoding and
run-length encoding). This reduces storage footprint and disk I/O
without introducing custom, index-specific compression logic. (2)
Fine-Grained Cache. Rather than loading an entire index file into
memory, TEngineDB-V reads and caches only the required shards
and blocks during query processing. This fine-grained caching
mechanism reduces unnecessary I/O and improves memory effi-
ciency. (3) Vectorized Execution. Since index data is managed as
relational tables, IVF filtering, distance computation, and top-𝑘 se-
lection can be executed using the engine’s vectorized operators,
improving compute efficiency and CPU cache locality.
Rethinking Query Execution. Materializing the vector index as
relational tables fundamentally reshapes the execution paradigm.
Rather than invoking a specialized index interface, vector search is
expressed through standard relational operators, enabling cluster
routing, distance computation, and relational filtering to be jointly
optimized by the SQL engine. This redesign raises three key chal-
lenges: (1) how to faithfully express and efficiently execute IVFPQ
search within relational operators; (2) how to mitigate the approx-
imation errors inherent in PQ while preserving efficient relational
execution; and (3) how to fully exploit OLAP-native optimizations to
accelerate search. We address these challenges in the next section.

5 OLAP-NATIVE COMPUTATION LAYER
To address the three challenges outlined above, this section presents
the OLAP-native computation layer of TEngineDB-V. Section 5.1
describes how classical IVFPQ search is adapted to the relational
execution paradigm through operator-level decomposition. Sec-
tion 5.2 then improves retrieval accuracy within this framework
by introducing DPPQ. Finally, Section 5.3 presents OLAP-native
optimizations for relational execution.

5.1 New Paradigm of Relational Execution
As illustrated in Figure 2, TEngineDB-V executes IVFPQ-based vec-
tor search as a sequence of relational operators over the table-
centric global index. Note (1) Graph-based methods [10, 16, 23, 31,
33, 43, 45, 51, 52, 58] are not considered as their poor performance
under large-𝑘 workloads (Figure 1); (2) RaBitQ [18, 19] is another
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residuals are reconstructed and updated by subtracting the decoded
approximations.
Decomposing IVFDPPQ Search to Relational Operators. DPPQ
is integrated with the IVF structure for query execution. As illus-
trated in Figure 5, IVFDPPQ follows the same relational pipeline as
conventional IVFPQ. The key distinction lies in the fused opera-
tor, which incorporates additional execution logic to retrieve the
associated 𝜌 ( 𝑗 ) values for each candidate vector to reconstruct the
DPPQ distance. When residual refinement is enabled, the operator
iteratively executes these lookup and calculation steps for 𝑒𝑝𝑜𝑐ℎ
rounds to progressively refine the estimated distance.

As demonstrated in Section 7.4, under the same bit budget, DPPQ
achieves a higher recall upper bound than the state-of-the-art Ra-
BitQ, highlighting its superior quantization effectiveness.

5.3 OLAP-Native Optimizations
Building upon the table-centric storage and relational execution,
we introduce additional optimizations that deeply integrate with
the underlying OLAP engine to accelerate large-𝑘 vector search.
(1) Late Materialization. We decouple vector retrieval from at-
tribute fetching via a JOIN operator that forms a two-phase exe-
cution pipeline. In the first phase, the system searches the vector
index to obtain the global top-𝑘 vector IDs. In the second phase,
these IDs are joined with the base table to fetch the corresponding
payload columns. Since the base table is hash-bucketed by vector
ID, this join is executed efficiently as a hash join without shuffling
data of the base table across compute nodes. This design inherently
establishes a late materialization paradigm, preventing non-vector
payload columns from participating in the I/O and network trans-
mission during the similarity search phase, which is particularly
beneficial for wide OLAP tables with numerous attributes.
(2) Join Runtime Filter. Join runtime filters [7, 29] are used to fur-
ther optimize the execution of hash join operators in TEngineDB-V.
During execution, TEngineDB-V generates runtime filters (includ-
ing SIMD-accelerated Bloom filters and Min/Max ranges) on the
build side and pushes them down to probe-side operators, filtering
data before I/O and network transmission. This proves particularly
effective for late materialization in vector search, where selective
top-𝑘 IDs aggressively prune the base table, minimizing redundant
row access overhead for vector search.
(3) Top-KRuntime Filter.During distributed execution, themerge
coordinator maintains a dynamic threshold, determined by the
current 𝑘-th highest similarity score among received partial results.
As stronger candidates arrive, the threshold is updated and pushed
to worker nodes, which use it to prune non-competitive vectors
during local top-𝑘 search. By filtering candidates at the source, this
mechanism substantially reduces cross-node data transfer under
large-𝑘 workloads.
(4) Columnar PQ FastScan. PQ distance computation is com-
monly accelerated by FastScan [2], which uses SIMD instructions
to perform efficient distance lookups and accumulation. Conven-
tional FastScan [2, 3] assumes a row-oriented layout where PQ
codes of 32 consecutive vectors are interleaved (packed) to enable
256-bit SIMD (e.g., AVX2) operations. However, OLAP compute
engines [4, 22, 47], typically adopt an Arrow [49]-like columnar
storage layout, creating a fundamental mismatch with the horizon-
tal, interleaved data organization required by traditional FastScan.

Algorithm 1: Hierarchical Quantization of IVFDPPQ
Input: Base vector set𝑉 , Cluster count 𝑁𝑙𝑖𝑠𝑡 , Epochs 𝐸,

Sub-spaces𝑀 , Bits per subspace 𝑏
Output: IVFDPPQ Index Data
𝐾𝑠𝑢𝑏 ← 2𝑏 ;
𝑑𝑠𝑢𝑏 ← 𝐷/𝑀 ;
// Step 1: Coarse KMeans Clustering
𝐶 ← KMeansTrain(𝑉 ,𝐾𝑐 )
𝐴← KMeansAssign(𝑉 ,𝐶 )
// Step 2: Multi-Epoch Training and Encoding

for 𝑒 ← 1 to 𝐸 do
// Decompose sub-vectors

𝑢𝑒 , 𝜌𝑒 ← NormalizeSubvectors(𝑉 ,𝑀 ) ;
// Train PQ codebook for unit direction and encode

𝐶𝐵𝑒 ← PQTrain(𝑢𝑒 , 𝑀,𝑏 ) ;
𝑃𝑒 ← PQEncode(𝑢𝑒 ,𝐶𝐵𝑒 ) ;
// Decode, denormalize and update residuals

𝑢𝑒 ← PQDecode(𝑃𝑒 ,𝐶𝐵𝑒 ) ;
𝑢𝑒 ← DenormalizeSubvectors(𝑢𝑒 , 𝜌𝑒 , 𝑀 ) ;
𝑉 ← 𝑉 − 𝑅̂ (𝑒 ) ;
𝐶𝐵𝑎𝑙𝑙 ← 𝐶𝐵𝑎𝑙𝑙 ∪ {𝐶𝐵 (𝑒 ) };
𝑃𝑎𝑙𝑙 ← 𝑃𝑎𝑙𝑙 ∪ {𝑃 (𝑒 ) };
𝜌𝑎𝑙𝑙 ← 𝜌𝑎𝑙𝑙 ∪ {𝜌𝑒 };

return𝐶,𝐶𝐵𝑎𝑙𝑙 , (𝐴, 𝑃𝑎𝑙𝑙 , 𝜌𝑎𝑙𝑙 ) ;

To bridge this gap, we develop a Columnar FastScan mechanism
that adapts the FastScan algorithm to a columnar data layout with-
out sacrificing SIMD efficiency. Recall that by our table-centric
design, instead of storing PQ codes in an interleaved row-wise
format, we organize the quantized codes as independent columns
for different sub-quantizers (subspaces). Furthermore, the compute
engine processes data in Arrow-like columnar chunks of 4,096 rows
as its basic processing unit. Therefore, within each chunk, PQ codes
with𝑚 sub-quantizers are organized as separate arrays (columns),
each containing the quantized indices for 4,096 vectors.

Our SIMD-optimized implementation operates directly on this
vertical layout: for each sub-quantizer column, the kernel loads 32
consecutive codes and performs batched lookups and accumulations
using a precomputed 32-byte LUT. Empirically, this columnar de-
sign incurs only about 5% overhead versus row-oriented FastScan,
while achieving a 4×–5× speedup over non-FastScan execution,
balancing OLAP compatibility with computational efficiency.
(5) Operator Fusion. To reduce the overhead of decomposed rela-
tional execution, we design a fused physical operator for distance
estimation. The operator combines four logical stages: (1) LUT
row replication, (2) LUT-based distance projection, (3) norm-based
scaling for DPPQ, and (4) final summation. It first consumes the
single-row LUT and caches it in memory as a local pipeline breaker,
then streams the quantized vector table directly. During streaming,
it processes each input chunk in one pass, using SIMD vectorization
to perform LUT lookups, norm scaling, and distance accumulation
against the cached LUT state. This single-pass execution avoids ma-
terializing massive intermediate results. Together with vectorized
execution [6] over columnar chunks, the fused operator improves
CPU cache locality and reduces per-tuple computation overhead
compared with traditional volcano-style execution [21].
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6 INDEX-AWARE DISTRIBUTED
OPTIMIZATION

At control layer, the query optimizer of TEngineDB-V builds upon
the Cascades framework [20, 21, 42] and extends it to jointly rea-
son about vector-index execution semantics and distributed plan
generation. This enables execution plans that are both index-aware
and communication-efficient, essential for large-𝑘 vector search.

When a SQL query containing a vector predicate is submitted, it
is first transformed into a logical operator tree and processed by the
rule-based optimizer (RBO). The RBO performs deterministic, index-
aware query rewriting on the initial logical operator tree, injecting
specialized vector-index execution logic to establish a baseline exe-
cution strategy. The rewritten plan is then inserted into the Memo
of the cost-based optimizer (CBO) under the Cascades framework.
During optimization, the CBO expands the Memo to explore equiv-
alent logical formulations and candidate physical implementations.
To evaluate these alternatives, we integrate a distributed-aware cost
model that jointly estimates CPU cost, memory pressure, network
overhead, and recall impact. This enables the optimizer to select
the globally optimal physical plan from the expanded search space.

6.1 Index-Aware Query Rewriting
Upon receiving a high-level vector search request, TEngineDB-V
rewrites it into an index-aware logical plan and enumerates equiv-
alent alternatives within the Cascades framework.
Logical Plans for ANNS. For pure ANNS, rewriting is triggered
when the RBO detects a canonical pattern in the logical plan, i.e., a
vector distance computation followed by a Top_K operator. Upon
matching this pattern, the RBO applies certain rules to rewrite the
generic operators with specialized vector search operators that
embed index semantics (Figure 5). The rewritten plan is inserted
into the corresponding equivalence classes in the Memo, allowing
the CBO to evaluate it alongside standard relational alternatives.
Logical Plans for FANNS. For FANNS queries that combine vector
search with scalar predicates, a single static rewrite is insufficient,
as the optimal strategy depends on both filter selectivity and data
distribution. Our RBO first rewrites the query into a canonical pre-
filter plan by pushing scalar predicates below distance estimation.
Once inserted into the Cascades Memo, transformation rules are
triggered to explore the post-filter alternative and other equivalent
forms. As shown in Figure 6, we expand the search space along
three orthogonal dimensions: (1) Logical order. Pre-filter (scalar
before distance) vs. post-filter (scalar after distance). (2) Join order.
Two hash join configurations by swapping the build/probe side
between vector and scalar intermediates. (3) Data exchange. Two
distributed strategies: broadcast and shuffle joins.

These three binary dimensions yield eight candidate physical
plans (2 × 2 × 2), all explicitly maintained in the Memo. This enu-
meration defines a complete execution search space, over which a
distributed-aware cost model is used to select the optimal plan.

6.2 Distributed-Aware Cost Model
Unlike existing systems that primarily model CPU cost [32, 34, 48,
50, 54], we adopt a weighted cost model that jointly evaluates CPU,
memory, network cost when evaluating alternative logical plans:

𝐶𝑜𝑠𝑡 =𝑤cpu ·𝐶𝑜𝑠𝑡cpu +𝑤mem ·𝐶𝑜𝑠𝑡mem +𝑤net ·𝐶𝑜𝑠𝑡net . (3)

Scalar Filter IVF Prune

Broadcast/Shuffle Join

LUT Compute

Distance Estimate

TopK

(a) Pre-Filter

TopK

Distance Estimate

Broadcast/Shuffle Join

LUT Compute

IVF Prune

Scalar Filter

(b) Post-Filter
Exchangeable

Exchangeable

1

2 1

2

Figure 6: Execution Plans for FANNS.

The weights are calibrated to reflect the architectural characteristics
of TEngineDB-V. By default, we set 𝑤cpu = 0.5, 𝑤mem = 2.0, and
𝑤net = 1.5, assigning higher penalties to memory pressure and
network communication in distributed environments.

Recall that we classify the eight candidate FANNS plans along
three orthogonal dimensions. For each dimension, we then analyze
the corresponding CPU, memory, and network bottlenecks, with
the overall cost breakdown summarized in Table 3.
Pre-Filter and Post-Filter. Pre-filtering reduces the vector search
space to 𝑁𝐹 rows before distance evaluation, thus bounding the
number of in-cluster candidates 𝑀𝑝 and ensuring recall correct-
ness. However, when the scalar filter is unselective (i.e., 𝑁𝐹 ≈ 𝑁 ),
both the join cost and memory usage become dominant, leading to
CPU-bound execution. In contrast, post-filtering performs vector
pruning first and joins only the top-𝐾𝑎𝑛𝑛 candidates, with CPU
cost dominated by 𝑀𝑝 · 𝐶𝑑𝑖𝑠𝑡 (i.e., distance computations on 𝑀𝑝

rows). Under highly selective scalar predicates, 𝐾𝑎𝑛𝑛 must be set to
a larger value to preserve recall, which increases join and memory
costs and becomes inefficiency. Otherwise, insufficient setting of
𝐾𝑎𝑛𝑛 may lead to recall degradation.

TEngineDB-V adaptively sets 𝐾𝑎𝑛𝑛 based on the predicate selec-
tivity estimated by the optimizer (e.g., retrieving 2𝑘 candidates for
an estimated 50% selectivity), while also allowing manual overrides.
Under the post-filtering strategy, instead of expanding the candi-
date pool using iterative search, the system does not strictly enforce
returning exactly 𝑘 results. If the final filtered yield falls below 𝑘

but remains above a configurable threshold (defaulting to 20% of
𝑘), it simply returns the available subset, as minor result reduc-
tions rarely impact the effectiveness of large-𝑘 query workloads.
However, if the yield drops below this threshold, the execution
dynamically falls back to a pre-filtering plan.
Build-Side Selection. In hash join execution, the build side can be
either the vector or scalar intermediate results. As shown in Table 3,
memory usage scales with the build-side cardinality and row width
(e.g.,𝑀𝑝 · 𝑅𝑉 , 𝐾𝑎𝑛𝑛 · 𝑅𝑉 , or 𝑁𝐹 · 𝑅𝐹 ), while CPU cost scales with the
build size for hash construction and with the probe size for probing.
Hence, assigning the smaller intermediate result to the build side is
crucial for minimizing memory and construction overhead. When
the vector candidate count is much smaller (𝑀𝑝 ≪ 𝑁𝐹 ), building
the hash table on the vector side is optimal. Conversely, when a
selective scalar predicate results in a small filtered set (𝑁𝐹 ≪ 𝑀𝑝 ),
building on the scalar side is preferable.
Broadcast Join and Shuffle Join. The network cost differentiates
broadcast and shuffle joins. For broadcast joins (Plans 1, 3, 5, 7), the
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