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In multi-vector retrieval, both queries and data are represented as sets of high-dimensional vectors, enabling
finer-grained semantic matching and improving retrieval quality over single-vector approaches. However,
its practical adoption is held back by the lack of effective indexing algorithms. Existing work, attempting to
reuse standard single-vector indexes, often fails to preserve multi-vector semantics or remains slow. In this
work, we present GEM, a native indexing framework for multi-vector representations. The core idea is to
construct a proximity graph directly over vector sets, preserving their fine-grained semantics while enabling
efficient navigation. First, GEM designs a set-level clustering scheme. It associates each vector set with only
its most informative clusters, effectively reducing redundancy without hurting semantic coverage. Then, it
builds local proximity graphs within clusters and bridges them into a globally navigable structure. To handle
the non-metric nature of multi-vector similarity, GEM decouples the graph construction metric from the
final relevance score and injects semantic shortcuts to guide efficient navigation toward relevant regions.
At query time, GEM launches beam search from multiple entry points and prunes paths early using cluster
cues. To further enhance efficiency, a quantized distance estimation technique is used for both indexing and
search. Across in-domain, out-of-domain, and multi-modal benchmarks, GEM achieves up to 16x speedup
over state-of-the-art methods while matching or improving accuracy.
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1 Introduction

The advent of Large Language Models (LLMs) has profoundly reshaped the information retrieval
landscape in recent years. By embedding diverse data—text, images, videos, and beyond—into
high-dimensional vector spaces, LLMs have made vector representations a standard data format,
as shown in Figure 1(left). This shifts the retrieval paradigm from lexical matching to semantic
similarity. At its core lies approximate nearest neighbor (ANN) search, which now underpins many
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Well-supported by many ANN algs. Index & Search remain an open challenge.
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Fig. 1. Single-Vector v.s. Multi-Vector Retrieval

modern applications, such as web search [21, 56], recommendation systems [2, 20], and retrieval-
augmented generation (RAG) systems [12, 27, 28, 44]. However, compressing rich semantics into a
single embedding vector—like summarizing an entire passage with a single word—inevitably leads
to the loss of fine-grained details. This loss often results in irrelevant retrievals and propagates hal-
lucinations in downstream LLMs, especially in long-context inference scenarios [62]. To overcome
this limitation, modern information systems are increasingly representing complex objects as sets
of vectors [15, 24, 25, 31, 40, 50, 63]. ColBERT [24] is a prominent example, which produces multiple
embeddings per query or document by generating one embedding per token. The relevance score
is then evaluated using the MaxSim operator (see Definition 1), which aggregates the maximum
similarity of each query embedding to any document embedding. As illustrated in Figure 1 (right),
both query and document are represented as sets of vectors, Q = {qo, q1, ¢z} and P = {po, p1, p2, P3},
where ¢;,p; € RY. Then, each query vector g; interacts with all vectors in the document P: for
example, gy achieves the highest similarity 0.94 with py, g; best matches py with score 0.7, and g,
aligns most with p4 at 0.22. The final relevance score is computed by summing or averaging these
individual scores, e.g., 0.94 + 0.7 + 0.22 = 1.86. This new paradigm has demonstrated significant
improvements in retrieval quality [22, 51, 52, 59], interpretability [8, 60], and generalization ability
[36, 64] across various IR benchmarks, emerging as a core functionality in current industrial vector
database systems, such as Weaviet [61], Vespa [57], and Pinecone [46].

However, these gains come at steep costs in storage, computation, and the complexity of indexing
and retrieval. First, representing each item with multiple vectors inflates storage requirements
by several orders of magnitude. Second, pairwise distance calculations across all vectors in the
set-to-set comparison incur higher costs. These issues can be alleviated by low-bit quantization
techniques [10, 11] or by strategically retaining only the most informative vectors [15, 34]; however,
accurate and efficient indexing and search algorithms for multi-vector representation remain an
open challenge. To address this, one straightforward idea [4, 24, 42, 49, 50] is to pool all vectors from
all vector sets into a single ANN index, e.g., IVFPQ [19] or diskANN [18]. At query time, each query
vector retrieves its top-k NNs, generating the initial candidate pool for refinement. However, this
approach leads to two issues: (1) vector-level similarity does not always imply set-level relevance,
resulting in a large number of irrelevant candidates for refinement. For example, a document about
"rocky beaches in Portugal” may be retrieved for the query "family-friendly beaches in Europe" due
to the shared term "beaches" despite the clear mismatched intent; (2) indexing all individual vectors
bloats the index. For example, 10k documents with 100 vectors each lead to a million-level ANN
task. Another proposal [17], from Google, attempted to map the vector set into a single vector using
distance-preserving mappings, enabling the use of existing ANN indexes. However, a theoretically

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 188. Publication date: June 2026.



GEM: A Native Graph-based Index for Multi-Vector Retrieval 188:3

sound distance-preserving mapping requires prohibitively high dimensionality of the projection
space that even well-optimized ANN indexes struggle to handle efficiently. Moreover, this approach
contradicts the motivation for using multi-vector representations and begs the question of why not
directly train a single-vector embedding model from the outset? DESSERT [7] is the first solution
designed natively for multi-vector retrieval. It compresses the vector set into a sketch via locality-
sensitive hashing (LSH) [5, 6], and retrieves top-k candidates by comparing hash codes. However,
without effective sketch-level pruning, the speedup is limited, and storage pressure increases due
to the large number of hash values.

Motivated by the aforementioned limitations, we propose GEM, a native Graph-based indEx
framework for Multi-vector retrieval. The key idea of GEM is set-level indexing: constructing
a proximity graph where each vertex represents a vector set, in the hope of preserving the se-
mantic richness of multi-vector representations while leveraging the strong pruning capability
of graph-based indexes. Specifically, GEM incorporates a series of co-designed architectural and
algorithmic optimizations. First, GEM designs a clustering scheme for vector sets. It evaluates
the informativeness of the vectors in each set using a TF-IDF-style score and adaptively assigns
the set only to the clusters of r highest-scoring vectors. This design preserves semantic coverage
while avoiding excessive redundancy in the subsequent graph construction. Next, GEM proposes a
dual-graph structure consisting of intra-cluster graphs and a global graph. The intra-cluster graphs
capture compact local structures, while sets shared across clusters naturally form bridges, yielding
a globally connected graph that enables efficient cross-region traversal and pruning. To reconcile
the non-metric nature of the MaxSim operator with the metric assumption underlying graph-based
search, GEM decouples the similarity measures used for graph construction and search. Specifically,
the graph is built using Earth Mover’s Distance (EMD) [48]. As EMD is a well-established metric
that satisfies the triangle inequality and upper-bounds the MaxSim, the EMD-based graph could
provide a stable and reliable basis for navigating toward high-quality results. In addition, GEM
introduces semantic shortcuts to bridge the gap between the two similarity measures. These short-
cuts directly connect vertices that are semantically similar but distant in the graph, accelerating
search and helping escape local optima. Furthermore, GEM employs quantized versions of EMD
and MaxSim. This replaces expensive set-to-set distance calculations with efficient lookups over
a centroid codebook, significantly enhancing both indexing and querying efficiency. Finally, a
cluster-guided multi-entry search algorithm is developed on top of the proposed index. The search
begins from multiple entry points within multiple promising clusters and expands over the graph
in parallel. Meanwhile, a cluster-guided pruning mechanism prevents the search from drifting into
irrelevant regions, effectively balancing speed and accuracy.

In summary, we make the following contributions:

e We propose GEM, the first native graph index for multi-vector retrieval. It successfully unifies
the semantic richness of multi-vector representations with the pruning efficiency of graph-based
indexing, delivering both high accuracy and efficiency.

e GEM introduces a series of architectural and algorithmic innovations tailored to the unique
challenges of multi-vector search. The architecture adopts a dual graph design with metric
decoupling and semantic shortcuts, ensuring a navigable graph topology for accurate search.
These are integrated with a novel semantic clustering algorithm, a cluster-aware multi-entry
search algorithm, and quantized distance estimation, achieving full end-to-end efficiency across
large-scale vector-set collections.

e Extensive experiments on in-domain, out-of-domain, and multi-modal benchmarks show that
GEM significantly outperforms the state-of-the-art methods in both retrieval quality and latency,
with a comparable or even smaller index size and indexing time.
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The rest of the paper is organized as follows. Section 3 defines the problem and introduces a
straightforward graph-based solution. Our GEM framework is detailed in Section 4, followed by
experimental results in Section 5. Section 2 reviews related work, and we conclude in Section 6.

2 Related Work
2.1 Single-Vector ANN Search

The ANN search problem has been extensively studied in the database community for decades [53].
However, nearly all well-known methods make the single-vector representation assumption, i.e.,
both queries and data are encoded as single high-dimensional vectors in the same Euclidean space.
Prominent approaches include LSH-based methods [16, 26, 33, 35, 54, 55, 66], quantization-based
methods [10, 11, 13, 19], and graph-based methods [9, 18, 39, 41, 58, 65]. LSH-based methods are well-
known for the strong theoretical guarantees on recall. Quantization-based methods significantly
reduce memory usage and accelerate distance calculations. Graph-based methods, which construct
a proximity graph among vectors and find neighbors via greedy traversal, have become the de facto
state-of-the-art, demonstrating superior performance in both search accuracy and efficiency.

2.2 Multi-Vector ANN Search

Multi-vector search is a relatively new paradigm that has seen rapid adoption across various
domains due to its high effectiveness [23, 24, 30, 43]. Unlike single-vector approaches, which
alleviate information loss by increasing dimensionality but exacerbate the curse of dimensionality,
multi-vector models capture complex semantics from a different angle: they represent an object with
multiple simpler (e.g., not very high-dimensional) vectors. It is first introduced for document retrieval
by ColBERT [24], which represents queries and documents as sets of token-level embeddings and
employs a late interaction architecture to achieve strong performance. Subsequent work further
improved the effectiveness of this paradigm, for instance, by learning different weights for vectors
of varying importance [15], or expanding it to other domains such as visual-language retrieval tasks
[32, 63]. However, early research relies on simple inverted lists to index all individual embeddings,
which hinders large-scale deployment. To improve scalability, CoIBERTv2 [50] introduces a centroid-
based compression scheme, where each token embedding is stored using the ID of its closest centroid
and a low-bit residual (1-2 bits per component), significantly reducing storage overhead. However,
the search process remains costly. PLAID [49] builds on this by further exploiting the centroids
to aggressively prune irrelevant documents via a centroid interaction mechanism, substantially
accelerating retrieval. EMVB [42] enhanced PLAID with system-level optimizations, including
bit-vector filtering and SIMD-accelerated scoring. More recently, IGP [4] proposes to replace the
inverted list with a proximity graph index over centroid vectors and develops an incremental
next-similar retrieval technique to efficiently filter low-relevance candidates. Alternative indexing
strategies have also been explored. MUVERA [17] introduces fixed-dimensional encodings (FDEs)
that approximate multi-vector similarity, enabling the use of optimized single-vector ANN indexes.
While efficient, this method inevitably loses token-level alignment, risking reduced recall. DESSERT
[7] proposes compressing vector sets into compact sketches, but its speedup is often limited by a
lack of effective set-level pruning. Orthogonal to the research on indexing and search algorithms,
XTR [25] improves retrieval efficiency by simplifying the scoring mechanism during training.
CITADEL [29] reduces computation cost by selectively considering only a subset of tokens. POQD
[34] enhances accuracy by optimizing query decomposition with the assistance of LLMs. Since these
approaches optimize the set-level representation itself, they can complement the above indexing
methods for higher search accuracy and efficiency.
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3 Preliminary

In this section, we formulate the multi-vector retrieval problem and introduce a baseline solution.

3.1 Problem Definition

We first clarify the similarity measurement used throughout this paper. Following ColBERT [24]
and other state-of-the-art multi-vector methods [4, 7, 17, 24, 32, 49], we adopt the MaxSim operator,
a.k.a. Chamfer similarity, to compute the similarity score between two multi-vector sets. In the
following, we choose the terminology Chamfer (CH) due to its historical precedence [3, 17].

DEFINITION 1 (SIMILARITY SCORE). Given two sets of vectors A, B C R?, the similarity score is
defined as the sum of the maximum similarity between each vector in A and all vectors in B. Formally,

CH(A,B) = max Sim(a,b), 1)
acA €B

where cosine similarity or L, distance are typically used as the default choices for Sim(-,-) in prior
work.

PROBLEM STATEMENT (MULTI-VECTOR RETRIEVAL PROBLEM). Given a database D = {Py, P, ...,
Pn}, where each P; = {p1,p2, ..., pm,} is a set of vectors with each p; € R, and a query Q =

{9192, - - - qm, } with each q; € R9, the multi-vector retrieval problem, ak.a. the vector set search
problem, aims to return the top-k sets in D that are most similar to Q, namely:
R = k-argmax{CH(Q, P)|P € D}. (2)

REMARK 1. Multi-vector retrieval has been widely adopted in various domains and systems [23, 24,
30, 43, 47]. A prominent example is ColBERT [24] for document retrieval, where queries and documents
are encoded into sets of token-level vectors. Throughout this work, we use the terms "document" and
"vector set" interchangeably, as well as "token" and "vector" interchangeably. However, it is worth
noting that multi-vector retrieval itself is a general problem, agnostic to the data’s origin. A "vector"
could represent an image patch, a chunk of text, or other forms of data.

3.2 A Baseline Solution

Recall the ANN search problem in the traditional single-vector setting: both data and queries are
represented as high-dimensional vectors, and the goal is to find the top-k most similar (i.e., closest)
data points to a given query based on certain distance functions (e.g., L, distance). Formally, given
a dataset D = {oy, ..., o } with each data object 0; € R? and a query q € R4, it aims to return

R = k-argmin{{|g, oilz[o; € D}. ®)

Among ANN solutions, graph-based methods have demonstrated the best trade-off between search
accuracy and efficiency on real-world datasets. These methods organize the base vectors into
an approximate proximity graph (APG), where each vertex corresponds to a data vector, and
edges connect vertices that are sufficiently similar. During query time, a greedy (beam) search is
performed on the graph: it starts from an arbitrary vertex and iteratively traverses edges toward
neighbors that are closer to the query, until convergence to a local optimum. Inspired by the success
of graph-based indexes in the single-vector setting, we pose a question: Can we build a set-level
APG? In such a graph, each vertex represents a vector set, and an edge connects two sufficiently
similar vertices based on the Chamfer distance. The graph construction and search processes are
the same as those in single-vector methods, so we omit them here for brevity. Unfortunately, this
direct extension does not work due to two critical issues:

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 188. Publication date: June 2026.



188:6 Yao Tian, Zhoujin Tian, Xi Zhao, Ruiyuan Zhang, and Xiaofang Zhou

(1) Fragmented neighbors and local optima. Chamfer distance is not a metric and lacks triangle
inequality, which undermines core assumptions behind graph-based search. For example, even
if Q is close to P; and P, is close to P2, Q may still be far from P,. As a result, the nearest
neighbors of Q are scattered across the graph, making them difficult to reach via local hops and
slowing down convergence. Without strong connectivity among these neighbors, greedy search
paths become oscillatory and unstable, often getting trapped in local optima—terminating early
even when better candidates exist several hops away, ultimately degrading recall.

(2) Lack of cheap distance approximation and pruning. While graph structures provide a powerful
pruning framework, the exorbitant cost of computing the Chamfer distance remains a critical
bottleneck. It is impractical to perform set-to-set comparisons between the query and all candi-
date neighbors at each step of the search traversal. A practical solution, therefore, necessitates a
cheaper distance approximation, effective pruning strategies, and more informed entry points.

We will empirically validate these analyses in Section 5, where this naive approach, named MVG,; is
included as a baseline.

4 GEM

To address the limitations of existing approaches and the challenges exposed by the naive graph-
based solution, we propose GEM — a native Graph-based indExing framework for efficient Multi-
vector retrieval. The key innovations are as follows:

(1) We propose a set-level clustering scheme, where each document is assigned to only a small
number of semantically relevant clusters, guided by adaptive TF-IDF-style weighting over
centroids. This reduces index redundancy while preserving semantic coverage (Section 4.1 and
Section 4.4.2).

(2) We design a novel dual graph structure, featuring both intra-cluster graphs and a unified
global graph naturally bridged by sets shared between clusters. This design guarantees global
connectivity while preserving local structure (Section 4.3).

(3) We decouple the similarity measures used for graph construction and search: Earth Mover’s
Distance (EMD) [48] is used for graph construction due to its metric properties, while Chamfer
distance is retained for search. Since EMD upper bounds Chamfer, vertices that are close under
EMD are also close under Chamfer, ensuring reasonable navigation. We further augment the
graph with shortcuts, directly linking semantically close pairs under Chamfer, but may require
several hops under EMD, which improves search efficiency and helps escape local optima
(Section 4.3.1 and Section 4.4.1).

(4) We introduce quantized versions of EMD and Chamfer to alleviate the high cost of set-to-set
similarity computation. By leveraging centroid-level codebooks and quantized representations
derived from cluster centroids, we improve the efficiency of both the indexing and search phases
(Sections 4.2.2 and Section 4.5).

(5) We devise a new cluster-guided, multi-entry search strategy. The search is initialized from multi-
ple semantically relevant clusters, enabling parallel, layer-wise expansion over the global graph.
A cluster-guided early pruning mechanism aggressively culls unpromising paths, preventing
the search from drifting into irrelevant regions (Section 4.5).

4.1 Set-Level Clustering

4.1.1 Two-Stage Clustering. To facilitate efficient filtering and quantization, we begin with a two-
stage clustering step. In the first stage, we perform k-means clustering on a sample of vectors
across all sets in D to obtain a set of centroids Cquant = {C1,Co, . .., Ck, }. These centroids serve
as a vocabulary for our subsequent quantized distance approximations, i.e., qGEMD during graph
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construction to be introduced in Section 4.2.2 and qCH during search in Section 4.5.3. In the second
stage, we cluster Cquant into a smaller set of coarser centroids Cingex = {C1,C5, ..., C]’cz}, which
defines a cluster space for set-level indexing. As illustrated in Figure 2, all vectors are first grouped
into 8 fine-grained clusters, which are then organized into 3 coarse clusters that serve as higher-level
semantic bins. Then, we assign each vector p € P to its nearest cluster centroid in Cipgex, denoted
as NN(p). As a result, a set P = {p1, pa, .. ., pm} is approximately represented as a set of centroids:

C(P) = {NN(p1), NN(pz), ...,NN(pm)}. (4)

To obtain a set-level clustering, a naive way is to associate a set with every cluster if one or more
of its tokens are assigned to that centroid. For example, Ps is linked to all three clusters C7, C;, C;.
However, this can cause a vector set to appear in an excessive number of clusters, especially when
it contains uninformative tokens, such as "is", "the", and "of". This leads to index redundancy and
increased query-time overhead. Motivated by the unequal semantic contribution of tokens, we
introduce a TF-IDF-guided pruning strategy in the following.

4.1.2 TF-IDF Guided Cluster Pruning. The key idea is that: retain only clusters associated with
important tokens, while ignoring uninformative ones. This way, a set is expected to be assigned to
only a few salient clusters, which help reduce index redundancy while preserving the semantic
richness of multi-vector representations. To achieve this, we design a TF-IDF-style importance
score over the centroid vocabulary Cipgex to reflect how salient the cluster is to the set P. Specifically,
we define "term frequency” (TF) as:

TF(C;,P) = [{p € P : NN(p) = C}, C} € Cindex}|. Q)
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which counts how many token vectors in P are associated with a cluster C;. Then, we apply an

"inverse document frequency" (IDF) to downweight clusters shared across many sets:
N

IDF(C’) =1 6
@) I {P € D TRC,P) > 0} ©)

where N is the number of vector sets in the database. The overall TF-IDF score is:
Score(C}, P) = TF(C}, P) - IDF(C)). 7)

We then construct a weighted centroid profile for each document:
S(P) = [(C)si1), (Clysiy)s s (C)usin) ] ®)

where s;, = Score(C’ , P) indicates how strongly cluster C’ represents the semantics of P. Based
on this profile, we assign P to the top-r clusters with the highest TF-IDF scores:

Ciop(P) = Top—rc}ec(p) Score(C}, P). 9)

Figure 3 provides a concrete example of this pruning. For Ps;, our TF-IDF guided mechanism
identifies that its connection to cluster C; is weak (score of 1.6). Therefore, only the two clusters
with high semantic relevance (scores 18.4 and 12.6) are selected as its indexing targets. This pruning
step ensures that each document is linked only to its most representative clusters, improving both
graph construction efficiency and candidate generation efficiency.

REMARK 2. Clearly, there is no single r value that works best for all: some sets are well represented
by a few clusters, while others may require broader cluster coverage. We defer the details of how to
determine r adaptively to Section 4.4.2.

DiscussioN 1. PLAID adopts a similar clustering idea, but differs from our approach in two aspects.
It performs only fine-grained token-level clustering and directly assigns each document to every cluster
that any of its tokens maps to. However, we found this strategy less suitable for our graph-based indexing
framework. In particular, PLAID’s large number of fine-grained clusters results in very few documents
per cluster (e.g., often only dozens), making it unnecessary and inefficient to build a graph index per
cluster. Moreover, the high redundancy in cluster memberships results in costly graph construction
and many redundant edges during query processing. Therefore, to better support our graph-based
design, we adopt the fine-grained clustering in the first stage for accurate distance approximation,
while second-stage coarser clusters, combined with TF-IDF pruning, significantly reduce per-document
cluster memberships, striking a better balance between granularity and efficiency.

Figure 4 compares the average number of clusters each document is assigned to under different
strategies across four datasets. The PLAID bars correspond to PLAID’s default configuration with
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260K fine-grained clusters, resulting in high redundancy. The Ours (40K, w/o TF-IDF) bars
represent a coarser 40K-cluster setup without applying TF-IDF guided cluster filtering, while the
Ours (40K, w/ TF-IDF) bars show the results after pruning. As shown, our approach dramatically
reduces the number of cluster memberships, e.g., from 43.8 to 2.9 on MSMARCO (a 93.4% reduction),
from 94 to 5.8 on LOTTE (93.8%), from 76 to 3 on OKVQA (96%), and from 120.8 to 1.7 on EVQA
(98.6%), alleviating index redundancy while preserving semantic coverage.

4.2 Metric Decoupling and Quantization

4.2.1  Metric Decoupling. As discussed in Section 3.2, multi-vector similarity lacks the metric
properties required to serve as a reliable foundation for building a stable and navigable APG. To
address this issue, we propose using EMD [48] as the edge weight metric, while performing search
based on the original Chamfer distance. EMD is a well-established distance function that satisfies
the triangle inequality, ensuring a well-structured graph topology with guaranteed monotonicity.
A key insight supporting this metric decoupling is the bounding relationship between EMD and
Chamfer distance. It can be proven that for any two vector sets Q and P:

CH(Q,P) < EMD(Q, P). (10)

This inequality implies that if two sets are close under EMD, they are at least as close—if not
closer-under Chamfer distance. Consider a search path that is currently at vertex P;, then the
distance from P; to its neighbor P, has a predictable upper bound: CH(Q, P,) < EMD(Q, P,) <
EMD(Q, P;) + EMD(P,, P;). Consequently, navigating toward the nearest neighbor under EMD is a
reliable heuristic for finding a reasonable candidate in the Chamfer space. This mitigates oscillatory
search behavior and the local optima trap. EMD is formally defined as follows: given two vector
sets Py = {p1,...,pm, } and P, = {p],.. .,p;nz}, and a transport plan T = {¢;;}, then

mp my
EMD(Py, P,) = m}“Z; Zl 1y - dx (i, p}) (11)
i=1 j=
subject to the following constraints:
my 1 my 1
tij = tij = tij > 0 (12)
j=1 mo 5 ma

where dx(pi,p}) =1- (pi,p}) when cosine similarity is used, and dx(pi,p;-) = ||Pi,P}||z when the
L, distance is adopted.

4.2.2  Quantization. While EMD offers desirable properties for graph construction, its exact com-
putation is prohibitively expensive [1, 5, 14, 37, 38]. To make EMD practical at scale, we introduce
an efficient quantized approximation. The key idea is to replace expensive token-level distance
computations in EMD with efficient centroid-level approximations by leveraging the shared cen-
troid vocabulary Cyuan: derived from k-means clustering (Section 4.1.1). Specifically, each token
vector is first mapped to its nearest centroid in Cquant, and the distance between raw vectors is then
approximated by the distance between their corresponding assigned centroids, formalized as:

dx (pi, p;) ~ dx(NN(p;), NN(p})), (13)

where NN(p;) and NN(p?) € Cquant. This quantization brings two key computational benefits. First,
all centroid-to-centroid distances can be precomputed and stored in a k; X k; codebook, enabling
constant-time distance lookups instead of costly high-dimensional distance calculations. Second,
the reduced centroid space generates significantly sparser transport plans, which further accelerate
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Algorithm 1: Index Construction Pipeline

Input: Database D, two-stage cluster counts ki, k;, degree limit M, parameter f, training pairs 7,
Output: GEM proximity graph G

Initialize G with V = D and E = 0;

2 Cquants Cindex> Crop ¢~ CLUSTERANDASSIGN(D, k1, k3) ;

3 foreach C; € Cipgex do

-

4 L G < LocALGRAPHANDBRIDGES(C;, Cquant, Ciop, f> M); > Alg. 2
5 G « INJecTSHORTCUTS(G, T, M); > Alg. 4
6 return G

Algorithm 2: Build Cluster Graph with Cross Bridges

Input: Cluster C;, current global graph G = (V, E), Ciop(+), f, M
Output: Updated global graph G
1 foreach P € C; do

2 C « f ANNSs of P in the current graph of C; by gEMD; > Alg. 5
3 if E[P] =0 then

4 foreach P’ € C do

5 Add a bidirectional edge (P, P’) to E;

6 if degree of P’ > M then

7 L Remove the least similar edge from E[P’];

8 else

9 L G « UPDATEBRIDGES(P, C, G, Ciop (P), M); > Alg. 3

10 return G

EMD computation. Formally, the quantized EMD (qgEMD) is as follows:
ny ng

GEMD(P;, Py) = min Z Z t;j - dx (NN(p;), NN(p})). (14)

i=1 j=1

4.3 Graph Construction

Building upon the set clustering and distance function introduced earlier, this section details the
construction of GEM’s dual-graph structure. Algorithm 1 outlines the indexing pipeline.

4.3.1 Cluster-Level APG with gEMD. For each cluster C;, we invoke LocALGRAPHANDBRIDGES (Line
4 in Algorithm 1) to build a cluster-level graph while handling cross-cluster bridges. Specifically,
for each vector set P € C;, we find its top-f ANNs by performing the search algorithm (Algorithm
5) over the current cluster graph, starting from an arbitrary entry point in C; and using qEMD as
the distance metric (Line 2 in Algorithm 2). If P is new to the current graph G (Line 3), we directly
connect it to its neighbors (Line 5) and ensure that each neighbor P’ does not exceed the degree
limit M by removing the least similar edges if necessary (Line 7). Otherwise, P has already been
inserted in previous clusters {C; | i < j, C; € Ciop(P)}, which means P can serve as a cross-cluster
bridge. In this case, we invoke UPDATEBRIDGES (Algotihrm 3) to merge the old and new neighbor
candidates (Line 9), as detailed in the next section.

4.3.2  Global Graph via Cross-Cluster Bridges. Cluster-level graphs offer good local navigability, but
cluster-by-cluster traversal is inefficient and duplicating sets across clusters introduces redundancy.
This motivates weaving cluster-level graphs into a single, globally connected graph via bridge sets.
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Algorithm 3: Update Bridges
Input: Set P, new neighbors Cpew, G = (V, E), Ciop(P), M
Output: Updated global graph G
1 Colq < existing neighbors of P in E;
2 Gy < Cpew U Colg;
if |Cyy| < M then
4 | Chnal < Ca;
5 else
6 Cinal < M closest vertices of P in Cy; by qEMD;
7 foreach C; € Cy,p(P) do
if Chna N Ci = 0 then
9 Si(—{PECall|P€Ci};
Replace farthest in Cgnal with closest node from S;;

@

®

o
oy

Replace E[P] with edges (P, P’) for all P’ € Chpal;
return G

=
1Y)

Quantized EMD c (o Bridge

Bridge /* Bridge

C3
C, ) Bridge

(a) Cluster-Level APG with gEMD (b) Cross-Cluster Bridges (c) Global APG w/o Shortcuts

Fig. 5. Overview of Global Graph Construction

As shown in Algorithm 3, for a bridge set P, we gather both the neighbors already connected to P
from earlier clusters and the new neighbors identified in the current cluster (Line 1-2). If the total
number of neighbors is within the degree limit M, we retain them all (Line 4). Otherwise, only
top-M closest neighbors are retained (Line 6). To ensure P preserves its role as bridges, we enforce
that at least one neighbor from each cluster in Ciop (P) is included in the final neighbor set (Line
7-10). For example, if P belongs to clusters C; and Cj, this step ensures its final neighbor list will
contain at least one neighbor from C; and one from C;. This prevents newly added connections from
overwriting prior inter-cluster links and preserves global connectivity. Finally, the neighborhood
of P is updated to reflect the new connection set (Line 11). Note that each P corresponds to a
unique vertex in the global graph: logically assigned to multiple clusters, but physically stored as
a single shared node. This design maintains intra-cluster structural coherence, supports efficient
cross-cluster traversal via inter-cluster bridges, and eliminates redundant vertex duplication.

ExampLE 1. Figure 5 further illustrates the graph construction process. In Figure 5(a), Ps is assigned
to cluster C| based on its informative vectors (solid-edge circles). Within the cluster, a local graph is
constructed using qEMD-based similarity. Since P3 also belongs to another cluster C,, it becomes a
natural bridge between clusters, as shown in Figure 5(b). Figure 5(c) presents a complete toy example
of the resulting dual-graph structure.
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Algorithm 4: Inject Shortcuts
Input: Graph G = (V, E), training pairs 7, M
Output: Augmented GEM graph G
1 foreach (Q,P) € 7 do
2 C « f” ANN results for Q in G;
3 if PID ¢ C and both Py,p, P have degree < M then
4 Piop < 1-ANN in C;
L Add a undirected edge (P;op, P) to E;

5

¢ return G

many short gEMD hops
DTarget
,/

........

Entry
Q G CH Shortcut

Fig. 6. Graph Enhancement via Shortcuts

4.4 Graph Enhancement

4.4.1 Inject Shortcuts. We observed that some queries may require many short hops to reach a
relevant result. This issue arises because, while EMD upper-bounds the Chamfer distance, the
reverse does not hold. As a result, two vector sets may be close under Chamfer but remain distant in
EMD space, preventing direct connections during graph construction and leading to longer traversal
paths at query time. To mitigate this, we propose a lightweight supervised graph augmentation
technique that injects semantic shortcuts into the graph index. A shortcut is a direct edge connecting
two vertices that are labeled as semantically close but might be distant in the graph. As detailed
in Algorithm 4, we leverage training pairs (Q, P), where P is the human-annotated ground-truth
to answer the query Q, to augment the graph. Note that generating the training pairs does not
require additional labeling effort or exhaustive search. In this work, we simply re-use training sets
that are widely used to train LLMs for generating vector representations of data. For example,
on MSMARCO dataset, to be introduced in Section 5.1.1, provides “forms of training data, usually
with one positive passage per training query,” where a positive passage means “there is a direct
human label that says the passage can be used to answer the query.” Here, we randomly sample from
these existing training pairs to construct the shortcuts. For each pair, we run the search algorithm
(Algorithm 5) over the current graph to find the query’s top-f” ANNs (Line 2). If P is not among
them and both P;,, and P have remaining degree capacity, we add an edge between them (Line
3-5). Since test queries are generally assumed to follow a similar distribution as the training data,
such edges act as a shortcut, allowing future queries to reach the correct region more directly. As
illustrated in Figure 6, the shortcut helps the search bypass long paths and suboptimal results. By
adding EMD-based structural connectivity with Chamfer-based semantic alignment, we enhance
graph reachability, search efficiency, and accuracy.

4.4.2  Adaptive Cluster Cutoff. As discussed in Section 4.1.2, a fixed cut-off threshold r is suboptimal.
To address this, we introduce an adaptive technique that employs a lightweight decision tree
classifier [45] to predict an optimal per-set r. Our key idea is to retain the minimum cluster
representation required for search-time discoverability. Specifically, we first generate r;,p¢; for each
training pair (Q, P). The label is defined as the rank of the first cluster in the TF-IDF-sorted profile
S(P) that intersects with Q’s relevant cluster set Cquery (Q). If no intersection occurs within the
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Algorithm 5: Cluster-Guided Beam Search

Input: Query Q, G, Cquant, Cindex, parameters ¢, ef, k
Output: k ANNs to Q
Compute relevance scores Scq =C- QT;

-

2 Cquery < union of top-t centroids for each ¢; € Q;

3 E < one random node from each C; € Cyyery;

4 Initialize a shared result heap R « E, a shared visited set V « E;
5 Initialize a local queue W, for each ep € E;

¢ while any W, is not empty do

7 foreach non-empty W, in parallel do

8 P « pop the element in W,,i cloest to Q by qCH;
9 7 « current furthest distance in R;

10 if gCH(Q,P) > 7 then

1 mark W,,, as empty;

12 continue;

13 foreach P’ € Neighbors(P) do

14 if P’ ¢ V and Ciop(P’) N Cquery # O then
15 compute qCH(Q, P’);

16 insert P’ into ’Wep, V,and R;

17 if |R| > ef then

18 L Remove the furthest from R;

19 B update 7;

20 R « rerank top-k results in R by CH;
21 return R

top-rmax (default 10), the label is set to rpy.x. Then, the decision tree is trained with the top-rpax
TF-IDF scores (padded if necessary) and the number of vectors in P as input, and learn to predict
the number of clusters r to retain. During the indexing pipeline, the trained model infers per-set r,
which is then used for final cluster assignments. This strategy effectively reduces the number of
redundant assignments while preserving the necessary semantic coverage for effective retrieval.

4.5 Query Processing

Building on our index structure, we propose a cluster-guided beam search algorithm tailored
for efficient multi-vector retrieval. The complete search procedure is detailed in Algorithm 5.
At a high level, the algorithm improves upon traditional single-vector greedy search from three
complementary perspectives: (1) coarse-grained cluster filtering, (2) informative multi-entry point
initialization, and (3) cluster-aware early pruning during graph traversal.

4.5.1 Cluster Filtering. In multi-vector retrieval, distance computations are significantly more
expensive than in the single-vector setting. To reduce this cost, it is crucial to eliminate highly
unlikely vector sets as early as possible—ideally before any graph traversal begins. For this purpose,
we draw inspiration from the initial filtering phase of ColBERTv2, which is extremely fast for
coarse candidate selection. While this strategy alone may yield a large number of false positives,
our downstream graph traversal module can refine these results with high precision. This rationale
leads us to retain ColBERTv2’s initial filtering strategy to generate coarse-grained cluster candidates.
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==P visit
==» expand

C3’ Pruned Vertices

Fig. 7. Search in GEM

Specifically, we compute a query—centroid relevance matrix:
Seq=C- o, (15)

where C € RF2*9 is the centroid matrix and Q € R™4*? is the query token matrix. For each query
token g;, we select its top-t nearest centroids and take the union across all tokens to form a relevant
cluster set Cquery © C. This early pruning step is shown in Line 1-2 in Algorithm 5 and visually
illustrated in Figure 7, where irrelevant clusters (in gray) are filtered out before the graph traversal.

4.5.2  Multi-Entry Point Initialization. Since relevant sets under the Chamfer distance may be
distributed across multiple clusters, relying on a single entry point can lead to biased initialization
and longer traversal paths. Therefore, after identifying the relevant clusters, we initialize the
search from multiple entry points, one from each cluster in Cquery (Line 3). As shown in Figure 7,
two yellow vertices (ep1 and ep2) from two different clusters are randomly selected as the initial
entry points. This multi-entry strategy, combined with the semantic shortcuts on the index side,
effectively mitigates the fragmentation of Chamfer nearest neighbors and enhances overall retrieval
effectiveness.

4.5.3 Cluster-Guided Parallel Beam Search. Given the selected entry points, we perform a cluster-
guided, multi-path parallel search over the graph G using quantized Chamfer distance (qCH). Similar
to qEMD, qCH serves as a lightweight yet effective proxy for the expensive pairwise computation
between vector sets, formalized as follows:

qCH(Q,P) = q%ggg dx (NN(q), NN(p)), (16)

where NN(-) is the nearest centroids in Cquant. As elaborated before, although Chamfer is not
used during index construction, it is upper-bounded by the EMD metric, leading that EMD-near
neighbors are also reasonable candidates under Chamfer. Line 4- 21 in Algorithm 5 details the
query process. First, we initialize a global result heap R, a global visited set V, and a local priority
queue W, for each entry point ep € E (Line 4-5). The search then proceeds in parallel from these
entry points. Within each thread, we repeatedly pop the element P with the lowest qCH to the
query (Line 8) until ‘W, is empty (Line 7). We denote 7 as the current furthest distance to Q in
R.If qCH(Q, P) is already worse than 7, the current path is deemed unpromising and terminated
(Line 9-12). Otherwise, we continue expanding P’s neighbors. To boost query efficiency, we apply a
cluster-aware pruning condition (Line 14). That is, if P’ would pull the search into an irrelevant
cluster (one not in Cquery), it is directly filtered out. If the P” passes this filter, the qCH score is
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computed, and the local queue “W,,, result heap R, and visited set V' are updated accordingly (Line
15-16). R maintains a maximum of ef candidates, evicting the farthest node when necessary (Line
17-18). Note that both R and V are globally shared across threads, enabling implicit communication.
If one path discovers a closer node, it updates the 7 (Line 19), which allows other paths to prune
their search space earlier. Similarly, once a vertex is visited by any thread, it is skipped by all others,
preventing redundant computation. The search terminates when all ‘W,, queues are exhausted. In
the final step, the top-k candidates in R are re-ranked using exact Chamfer distance before being
returned.

ExaMPLE 2. Figure 7 gives an example of the GEM search process for 1-ANN with ef = 2. Py is the
ground-truth nearest neighbor. Assume that the cluster filtering stage identifies two relevant clusters,
Cquery = {C1, C}}, while pruning C; and C;. The search then begins in parallel from two entry points:
epl and ep2 (yellow squares). In the first iteration (labeled with 1), the path of ep1 expands to P,,
while ep2 discovers Ps. These two candidates are inserted into the shared result heap R. In the second
iteration (labeled with 2), the path from ep1 continues by expanding from P,. When considering its
neighbors, Py is immediately pruned without a distance calculation because it resides in a pruned
cluster. Concurrently, the other path expanding from Py jumps directly to Py via a semantic shortcut
(highlighted in red), bypassing what would otherwise have been a multi-hop traversal.

4.6 Index Maintenance

As a graph-based method, GEM naturally supports dynamic index maintenance, including both
insertion and deletion of data points. To insert a new vector set into the current index, GEM first
maps its vectors to the fine-to-coarse centroid hierarchy and prunes uninformative clusters using
the TF-IDF-guided strategy, as described in Section 4.1. Then, the set is incorporated into the graph
by linking it to its nearest neighbors under the gEMD metric, followed by updating the cross-cluster
bridges to maintain both local proximity and global connectivity, as detailed in Section 4.3. For
deletions, we follow the lazy deletion strategy [39], which is commonly used in graph-based indexes:
a vertex to be removed is simply marked as inactive, so it is skipped during search and can be
physically pruned in later maintenance passes.

5 Experiments

In this section, we conduct extensive experiments on real-world datasets to evaluate our GEM. We
implement GEM! in C++ compiled with g++ using -Ofast optimization and openMP for parallelism.
All experiments are run on a Ubuntu server with 4 Intel(R) Xeon(R) Gold 6218 CPUs (160 threads)
and 1.5 TB RAM.

5.1 Experimental Settings

5.1.1 Datasets. We evaluate GEM’s performance on four widely-used multi-vector retrieval
benchmarks, which are detailed in Table 1. MS MARCO v1 is widely used for in-domain evaluation
with a retriever trained specifically for this task, while LoT TE serves as an out-of-domain benchmark.
To further evaluate performance in complex multi-modal settings, we include two vision-language
retrieval datasets, OK-VQA and EVQA, both involving queries with textual and visual content.
All four datasets provide training and test splits, in which each query is paired with one or more
human-annotated relevant document IDs. The training instances are used to enhance the graph,
while queries from the test split are used to evaluate retrieval performance, with the corresponding
relevance annotations treated as ground truth. For MS MARCO and LoTTE, we employ ColBERTv2
[50] to encode queries and documents into sets of vectors. Following prior work [4, 7, 17, 49], the

!https://github.com/sigmod26gem/sigmod26gem
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Table 1. Summary of Datasets

Datasets # Corpus | # Vectors | # Queries Modality

MS MARCO v1 3 8.8M 597M 6980 Text-only

LoTTe pooled 3 2.4M 339M 2931 Text-only
OK-VQA 3 114K 14M 5046 Text + Image
EVQA 3 50K 9.7M 3750 | Text + Image

dimensionality of each individual vector is set to d = 128 by default. For multi-modal datasets, we
adopt preFLMR [32], a fine-grained late-interaction retriever that jointly encodes text and image
content into multi-vector representations (d = 128). Both ColBERTv2 and preFLMR adopt the late
interaction paradigm with set-to-set similarity computed via Chamfer distance, and have shown
strong performance in text-only and multi-modal retrieval, respectively.

5.1.2 Competitors. We compare GEM with four representative methods in multi-vector retrieval,
as mentioned in Section 2: PLAID [49], DESSERT [7], MUVERA [17] and IGP [4]. We also include
a graph-based baseline as discussed in Section 3.2, denoted as the multi-vector graph (MVG). To
ensure basic competitiveness, here we use qCH for both indexing and search in our experiments.

5.1.3 Parameter Settings. Parameter settings of competitors follow the original papers or their
source codes. For PLAID, we set the number of centroids to 262K for MSMARCO and LoTTE, 32K
for OKVQA and EVQA. All vectors are quantized to 2 bits per dimension for MS MARCO and
LoTTE, and to 8 bits for OKVQA and EVQA. For DESSERT, we set C = 7, L = 64 for MSMARCO,
LoTTE, and set C = 4, L = 768 for OKVQA, EVQA. For MUVERA, we adopt Ry¢ps = 20, Ksim = 5,
and D,,,; = 32 to generate single-vector representations, which are then compressed using PQ-
256x8 and indexed with HNSW (M = 24, ef_construct = 80). For IGP, we use 262K centroids for
MSMARCO and LoTTE, 32K for OKVQA and EVQA, with graph construction parameters set to
M = 24, ef_construct = 200. For our GEM, the number of codebooks |Cquant| follows the same
empirical formula from prior studies [49, 50], i.e., the nearest power of two to 16 X V#vectors. This
yields |Couant| = 2L02(16V57M) | < 262k for MASMARCO. Similarly, |Cyuant| = 262K for LoTTE, and
32K for OK-VQA and EVQA. The number of clusters |Cingex| is scaled with dataset size to balance
granularity and indexing cost. Specifically, |Cingex| is set to 40K for MSMARCO, 10K for LoTTE,
and 1K for OK-VQA and EVQA, so that each cluster contains about 10*—10* objects. The graph
construction parameters M = 24 and ef_construction= 80 and 20% of the training instances are
randomly sampled to construct the shortcuts. At query time, we set t = 4 and vary ef_search,
#rerank to trade off efficiency and accuracy. For MVG, we adopt the same indexing parameters as
GEM. All competitors are also tuned to their best query performance.

5.1.4 Evaluation Metrics. Following previous works [7, 32, 49], we adopt four metrics to evaluate
query performance: Recall, Mean Reciprocal Rank (MRR), Success, and query latency; and two metrics
to evaluate indexing performance: indexing time and index size. Given a query set Q, with ground-

truth set Gp for each query Q € @Q, and top-k retrieved results R(Qk) , Recall@k measures the
proportion of relevant items retrieved:

—Q_ (17)

3MSMARCO weblink, LoT TE webLink, OK-VQA weblink, EVQA weblink
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Table 2. End-to-end Retrieval Performance Overview

MSMARCO LOTTE OKVQA EVQA
Method ‘ ‘ ‘ Q ‘ Q

|R@100 S@100 MRR@10 T (ms)|R@100 S@100 MRR@10 T (ms)| R@100 S@100 MRR@10 T (ms) | R@100 S@100 MRR@10 T (ms)
PLAID 0913 0919 0395 352 | 0.745 0910 0558 462 | 0.400 0735 0225 570 | 0.895 0895 0476 211

DESSERT 0.890  0.905 0.372 344 | 0.748 0.893 0.541 362 | 0371 0.723 0.163 642 0.837  0.837 0.370 552
MUVERA 0.902 0915 0.385 310 | 0.736  0.901 0.547 441 0.369  0.723 0.219 605 0.878  0.878 0.471 446
1GP 0.895  0.901 0.389 340 | 0.731  0.899 0.553 338 | 0.402 0.732 0.215 549 | 0.892 0.892 0.440 458
MVG 0.895  0.905 0.421 360 | 0.701 0.879 0.555 231 0381  0.719 0.230 427 | 0.880  0.880 0.468 450

GEM (Ours)‘ 0.915 0.920 0.447 140

0.749 0910 0.592 210 ‘0.410 0.754  0.236 165 | 0.895 0.895 0477 197

MRR@k captures the reciprocal rank of the first relevant item:
1 1
MRR@k = — » —, (18)
|O] Q;Q rankop

Success@k indicates whether any relevant item is present in the top-k, defined as follows:

_ 1 (k)
S@k = @Q;QH[QQM%Q #0]. (19)

Query latency is reported as the average runtime over 10 repeated runs for each dataset.

REMARK 3. Note that the ground-truth set Gg in the above definitions refers to results with "a
direct human label that says the passage can be used to answer the query", as stated in MSMARCO.
Other datasets follow the same principle. Unlike ANN benchmarks, where the ground truth is typically
defined as the exact kNN obtained by brute-force search in the embedding space, our results below
directly reflect end-to-end semantic similarity retrieval performance.

5.2 Performance Analysis

5.2.1 Query Performance. In this section, we study the end-to-end retrieval performance of all
methods under default settings, as summarized in Table 2, Table 3, and Figure 8.

Table 2 provides an overview of recall, success, MRR, and end-to-end latency for all methods
across all datasets. Clearly, GEM offers the best overall query performance on all datasets. It adapts
well to in-domain, out-of-domain, and more complex multi-modal datasets, outperforming all
competitors on every query quality metric while maintaining the lowest latency. In particular, GEM
achieves speedups of up to 2.5x on MSMARCO, 2.2x on LoTTE, 3.9x on OKVQA, and 2.8X on
EVQA, all with better query quality. For EVQA, each query has exactly one annotated relevant
document, thus Gp N R(Qk) can only be size 0 or 1. If the ground truth is in the retrieved top-k:
recall = 1/1 = 1, success = 1; otherwise: recall = success = 0. Hence, its averaged recall and success
reported in Table 2 and Figure 8 are always identical. These experimental results validate our design
goal: preserving the semantic richness of multi-vector representations to achieve high accuracy,
while leveraging an efficient graph index for speed. The reason GEM achieves the best performance
can be concluded as follows: 1) Compared with PLAID, GEM indexes at a set-level granularity,
treating the entire vector set as the basic unit. This is fundamentally different from PLAID, which
indexes all vectors individually. By doing so, GEM significantly reduces the number of false positive
candidates returned due to token-level matches, avoiding the need for expensive refinement and
boosting efficiency. 2) Compared with DESSERT, which is often bottlenecked by an exhaustive
scan of all set sketches, GEM’s graph structure provides a powerful pruning mechanism, enabling
significantly faster navigation to the most promising candidates. 3) Compared with MUVERA,
which suffers significant accuracy degradation by compressing a vector set into a single vector, GEM
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Table 3. End-to-End Retrieval Perfomance Varying k

Method | MSMARCO | LoTTE
etho

|R@10/T R@100/T R@IKT | S@I0/T S@100/T S@1K/T

PLAID 68.8/222  91.3/352  97.5/352 | 76.8/288 91.0/462  94.5/462
DESSERT | 66.2/298  89.0/344  97.2/336 | 74.7/362  89.3/362  94.3/477
MUVERA | 67.7/286 90.2/310  97.1/444 | 74.1/397 90.1/441 94.4/461

IGP 66.9/279  89.5/340  96.9 /399 | 75.5/311 89.9/338  94.0/412
MVG 69.2/293  89.5/360  94.2/436 | 74.7/303  87.9/331 94.2/442
GEM 71.1/88 91.5/140 97.5/212 | 77.3/133 91.0/210 94.5/251

preserves set-level semantic nuances, thereby easily achieving superior query quality that MUVERA
struggles to match even when its FDEs are tuned to an impractically high 20480 dimensions. 4)
Compared with IGP, which extends token-level indexing into a graph structure over quantized
centroids for incremental candidate filtering, GEM constructs a set-level graph where each node
represents a complete vector set. This design captures inter-set relations that centroid-level graphs
overlook, enabling faster and more accurate retrieval. 5) Compared with the naive MVG, while it
preserves multi-vector inputs, its naive graph suffers from fragmented neighbors, local optima, and
lacks effective distance approximation and pruning strategies.

Table 3 reports how query quality and latency change as the number of returned results k
increases. Due to space limitations, we only present results on two datasets. Following our com-
petitors [7, 49], we report recall on MSMARCO and success on LoTTE. On MSMARCO, GEM uses
ef_search = 800, 2000, 8000 for k = 10, 100, 1k, respectively. On LoTTE, GEM uses ef_search =
1000, 5000, 8000 for k = 10, 100, 1k, respectively. We make the following observations: (1) GEM
consistently achieves the best query performance across all k values, offering higher Recall@k and
Success@k while maintaining significantly shorter query times. For example, on MSMARCO, GEM
requires only 88 ms, 140 ms, and 212 ms for k = 10, 100, and 1000 respectively, whereas the best
baselines require 222 ms (PLAID), 310 ms (MUVERA), and 336 ms (DESSERT) to reach comparable
recall. On LoTTE, GEM completes in 133 ms, 210 ms, and 251 ms, while the fastest baselines still
require 288 ms (PLAID), 338 ms (IGP), and 412 ms (IGP) to achieve similar quality. (2) Our naive solu-
tion, MVG, can compete with several well-tuned baselines for small k. Though non-metric distance
induces fragmented neighbors and local optima, this issue is not overly severe when the target k is
small. By slightly increasing ef_search, greedy graph traversal can escape local minima and reach
to the ground truth eventually. As a result, MVG retains the key advantage of graph-based indexes,
i.e., it accesses fewer candidates than LSH-based (DESSERT) and IVF-style (PLAID, IGP) methods
to achieve the same recall. When further combined with our qCH quantization, which reduces the
cost of per-candidate distance computation, MVG exhibits a favorable accuracy-latency trade-off.
However, MVG does not consistently outperform other methods. For instance, on MSMARCO,
other methods reach around 97% recall when k = 1000, while MVG saturates at 94.2%. Even with
larger ef__search and longer query time, further improvement is limited by the suboptimal graph
structure resulting from the non-metric nature of Chamfer distance. This underscores the necessity
of metric decoupling and other optimizations, such as shortcuts and multi-entry search, in GEM
for achieving stable performance gains. (3) As expected, in the out-of-domain setting (LoTTE),
retrieval is more challenging than in-domain setting (MSMARCO), and all methods require more
time to achieve good quality. GEM remains consistently more accurate and faster, often requiring
only 1/2 or even 1/3 of the time of other methods.
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Fig. 8. Accuracy-Latency Trade-off Overview

Figure 8 provides a more comprehensive view of the trade-off between query accuracy and
efficiency of all methods. From the figures, we have the following observations: (1) GEM consistently
achieves the best trade-off. Among all methods, GEM requires the least time to reach the same
MRR, success, or recall, indicating the most favorable balance between accuracy and efficiency. For
the same MRR@10, GEM is up to 16x faster than DESSERT (on OKVQA), up to 10x faster than
MUVERA (on OKVQA), up to 8x faster than IGP (on OKVQA), and up to 5x faster than PLAID (on
MSMARCO). (2) Visual-language retrieval is inherently more challenging. On OKVQA and EVQA,
even with increased search time, Success@100 reaches only about 75-89%, while in text-only QA
tasks, our algorithm can easily exceed 90%. Notably, this bottleneck is not on the retrieval side:
even brute-force search on OKVQA and EVQA achieves only around 77-90% Success@100. This
points to the need for stronger embedding models and improved multimodal feature alignment
mechanisms. (3) MVG can outperform some competitors on certain datasets, such as complex
multi-modal OKVQA and EVQA datasets. This advantage can be attributed to its tailored set-level
indexing structure, which preserves fine-grained semantics. In contrast, methods like MUVERA
maps a multi-vector set to a single vector, inevitably causing non-trivial information loss. This loss
worsens with data complexity, leading to degraded query performance. (4) GEM and PLAID are
highly robust, maintaining stable performance across all datasets. PLAID is often the second-best
method. In contrast, IGP, DESSERT, and MUVERA exhibit substantial performance variation across
datasets.

5.2.2 Indexing Performance. The indexing time and index size of all methods under default
settings are summarized in Figure 9. Here, the index size includes only the index files, excluding raw
data, to clearly highlight the differences among indexing methods. We make two key observations:
(1) GEM’s index size is small (e.g., 2 GB on MSMARCO, 27MB on OKVQA), significantly smaller
than MUVERA (10.5 GB on MSMARCO, 139 MB on OKVQA) and DESSERT (107 GB on MSMARCO,
1.8GB on OKVQA). This compactness is attributed to the graph structure of GEM, which primarily
stores edge information. This storage overhead is independent of whether the setting is under
single- or multi-vector, and is negligible compared to the dataset size. In contrast, DESSERT requires
storing a large number of hash values generated by LSH, while MUVERA needs to store Fixed
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Dimensional Encodings (FDEs) for all vector sets, which scale directly with the dataset size and
make it less suited to large-scale scenarios. GEM’s index size is comparable to that of IGP (2.3 GB on
MS MARCO, 59 MB on OKVQA) and PLAID (1.5 GB on MS MARCO, 34 MB on OKVQA), but GEM
delivers a substantial advantage in both efficiency and accuracy. (2) On MSMARCO and LoTTE, all
methods have comparable indexing time. This is because PLAID, DESSERT, IGP, and GEM all rely on
a clustering step, which dominates the construction cost. MUVERA does not involve clustering but
has to convert every vector set into a single vector, which is also time-consuming. Both clustering
and vector conversion can be accelerated on GPUs, making this step less of a practical concern. On
smaller datasets, OKVQA and EVQA, the clustering cost becomes less significant, and GEM’s graph
construction is slower than PLAID’s IVF, IGP’s single vector graph, and DESSERT’s LSH indexing.
MUVERA, which requires both vector conversion and graph construction, remains the slowest.
Overall, GEM achieves competitive indexing time and compact index size while providing superior
retrieval performance.

5.3 Ablation Study

In this section, we evaluate how much each component of GEM contributes to the overall per-
formance. We disable key modules individually and compare the query latency required to reach
comparable retrieval accuracy. Due to space constraints, we only present two representative sce-
narios, i.e., MRR@10 = 0.42 on MSMARCO, and MRR@10 = 0.30 on OKVQA. As shown in Figure
10, removing different components results in varying degrees of latency increase.

5.3.1 w/o EMD distance. We replace the qEMD with qCH for graph construction, which doubles
the latency on both datasets. The absence of metric properties degrades the graph quality, confirming
the importance of the decoupling strategy in GEM.

5.3.2 w/o multi-path strategy. We disable multi-path search from multiple entry points, instead
enqueuing all entry points into a single search queue W and expanding greedily. This change
increases latency by 70-80%. Without synchronized paths sharing the visited and best-found
result sets, pruning is less aggressive and the search space contracts more slowly. To reach the
correct results, a larger ef_search is needed, which increases latency. These results confirm that
multi-entry search accelerates convergence.

5.3.3 w/o adaptive TF-IDF cluster pruning. We disable the adaptive adjustment of clusters
per document and fix [Ciop| = 3 for all documents-a value nearly identical to the average |Ciop|
on MSMARCO and OKVQA when TF-IDF is enabled (Section 4.1.2). This setup isolates the effect
of cluster granularity and allows a direct, fair comparison of adaptive v.s. fixed Ciop values. As
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Fig. 10. Ablation Study on the GEM’s Components

observed, performance degrades because a fixed threshold hurts recall for long, topically diverse
documents, while short documents suffer efficiency loss from retaining unnecessary clusters. This
result highlights the importance of dynamic TF-IDF-guided pruning in balancing accuracy and
efficiency.

5.34 w/o bridge constraint. In this variant, when the degree of a bridge P exceeds the limit,
we retain only its M closest neighbors, rather than enforcing it to keep at least one neighbor from
each cluster in Cyop (P). This change greatly degrades performance, with the drop on MSMARCO
more pronounced than on OKVQA due to the larger corpus size. This result shows the importance
of bridges in maintaining graph connectivity, especially on large datasets.

5.3.5 w/o shortcuts enhancement. We remove shortcuts that directly connect sets that may be
close under Chamfer but require many hops to reach over the EMD graph. This leads to a modest
degradation in query latency. While the co-designed architecture of GEM is already robust for most
queries, the shortcut mechanism is a useful addition for handling a few hard-to-find cases.

It is worth noting that these components are co-designed to work synergistically. The optimal
performance of GEM relies on their combined effect. Removing all of them (w/o all) leads to a
severe degradation, with latency increasing by 5-6x.

5.4 Further Analysis

5.4.1 Effect of t. In this experiment, we study the impact of parameter ¢, which controls the
number of nearest clusters each g; € Q identifies in the early pruning step. We vary ¢ € {1, 2, 4, 8}
and report results on MSMARCO and OKVQA for brevity. Larger ¢t makes the pruning more
conservative: pruning fewer clusters to potentially increase recall, but at the cost of higher latency.
As shown in Figure 11, both datasets exhibit similar trends. When t = 1, pruning is too aggressive,
leading to insufficient accuracy. Performance improves substantially at ¢ = 2, while the gains begin
to saturate as ¢ increases further to 8. Therefore, we set t = 4 by default as it provides a favorable
balance between accuracy and efficiency.

5.4.2 Effect of #rerank. In this experiment, we evaluate the impact of rerank_k. This parameter
determines the size of the candidate pool retrieved from the graph search, which is then re-ranked
using the exact Chamfer distance to obtain the final top-k results. Figure 12 reports results for
k =10 and 100. For k = 10, the choice of rerank_k has a clear effect on accuracy: a larger rerank_k
increases the likelihood that the true best results are included and ranked near the top. For k = 100,
increasing rerank_k has a more modest impact. This is because our algorithm is already highly
effective, with a strong probability of placing the true results within its top-100 candidates, leaving
limited room for further improvement.
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Fig. 12. Impact of #rerank on Retrieval Performance

5.4.3 Effect of Index Parameters. In this experiment, we investigate the impact of two key
indexing parameters: the maximum number of neighbors per vertex (M) and the size of the candidate
list during construction (ef_construction). As shown in Figure 13 on MSMARCO, with M =8
and ef_construction = 24, the index is small and fast to build, but the graph quality is insufficient,
resulting in lower query accuracy. Increasing to M = 48 and ef_construction = 200 significantly
enlarges the index size and construction time, but query performance improves only marginally. This
is because each vertex connects to too many neighbors, increasing the number of candidates to verify
at each hop and thereby hurting latency. Our default configuration of M = 24 and ef _construction
= 80 achieves the best overall trade-off, offering competitive indexing performance and superior
query efficiency and accuracy.

5.4.4 Effect of N and m. In this experiment, we evaluate scalability with respect to the corpus
size (N) and the average number of vectors per set (m). We randomly sample éN , iN , %N , and
N vector sets from the original corpus, and randomly sample %m, im, Im, and m vectors from
each set to form new subsets. We vary one factor at a time. Figure 14 reports the effects of these
variations on both query latency and index construction time. Increasing N causes a slight rise in
latency, e.g., from 67 ms (%N ) to 85 ms (N), consequently increasing indexing time (0.13 h to 1.79
h) due to the search-based construction procedure. This trend aligns with the logarithmic query
cost of graph-based indexes, demonstrating GEM’s strong scalability across different corpus scales.
Increasing m exerts a much stronger impact on efficiency, e.g., query latency rises from 44 ms
(%m) to 85 ms (m) and indexing time from 0.06 h to 1.79 h. The higher sensitivity to m arises from
the set-to-set distance calculations. This also explains why many studies focus on optimizing the
embedding training itself to preserve semantics more effectively with fewer vectors. As discussed
in Section 2, our method can be seamlessly integrated with such advances.
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Fig. 14. Impact of corpus size N and vector set size m

5.4.5 Effect of Shortcut Coverage. In this experiment, we study how the amount of training
data used for shortcut construction affects query performance. We randomly sample 5%, 10%,
20%, and 40% of the training instances, resulting in approximately 10k, 20k, 40k, and 80k shortcut
edges, respectively. As shown in Figure 15, increasing the sampling ratio from 5% to 20% yields
a better MRR-latency trade-off, whereas further increasing it to 40% degrades performance. The
recall-latency and success—latency curves are omitted as they follow almost the same trend. Such
results indicate that sparse shortcuts provide insufficient long-range connectivity, limiting search
performance for some hard-to-find cases. In contrast, excessive shortcuts densify the graph, forcing
the search to perform more distance computations per step during traversal, thereby offsetting the
gains from improved connectivity. Therefore, we set the sampling ratio to 20% by default, which
provides a favorable balance between accuracy and efficiency.
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5.4.6 Effect of |Cqyant|. In this experiment, we evaluate the effect of the number of quantization
centroids |Cquant| on retrieval performance by varying |Cquant| € {131k, 262k, 524k}. Recall that 262k
is the default value for MSMARCO derived from the empirical formula in Section 5.1.3. As shown in
Figure 16, the retrieval performance of GEM is robust to the choices of |Cgyant|. Although increasing
|Cquant| leads to higher distance computation overhead, it yields more accurate approximations and
thus requires fewer candidates for reranking. In contrast, reducing |Cquant| lowers the computational
cost but necessitates probing more candidates to achieve a comparable accuracy level. Therefore,
we simply adopt the empirical formula suggested by prior work to set the default value of [Cquant|-

6 Conclusion

We introduced GEM, a native graph-based framework designed for multi-vector retrieval. GEM
constructs a set-level dual-graph with metric decoupling to represent complex inter-set relationships,
and further refines it through adaptive TF-IDF-guided clustering and semantic shortcuts. By
incorporating quantized distance estimation and cluster-guided multi-path search, GEM jointly
enhances efficiency and accuracy, effectively bridging the gap between semantic expressiveness
and retrieval efficiency. Extensive experiments showed that GEM consistently surpasses state-of-
the-art methods in retrieval quality and latency, while maintaining comparable or smaller index
size and construction cost. These results confirmed GEM as a practical solution for large-scale
multi-vector retrieval. For future work, integrating ultra-low-bit quantization could further reduce
computational and memory costs, paving the way for broader industrial adoption.

Acknowledgments

The research work described in this paper was supported by Hong Kong Research Grants Council
(grant#16210625, T43-513/23-N), HKUST-WeBank Joint Laboratory (grant4WEB24EG01), HKUST-
MetaX Joint Laboratory for Advanced Al Computing (grant#METAX24EGO01). It was partially
conducted in JC STEM Lab of Data Science Foundations funded by The Hong Kong Jockey Club
Charities Trust.

References

[1] Alexandr Andoni, Piotr Indyk, and Robert Krauthgamer. 2008. Earth mover distance over high-dimensional spaces. In
SODA. SIAM, 343-352.

[2] Imad Aouali, Amine Benhalloum, Martin Bompaire, Achraf Ait Sidi Hammou, Sergey Ivanov, Benjamin Heymann,
David Rohde, Otmane Sakhi, Flavian Vasile, and Maxime Vono. 2022. Reward Optimizing Recommendation using
Deep Learning and Fast Maximum Inner Product Search. In KDD. ACM, 4772-4773.

[3] Ainesh Bakshi, Piotr Indyk, Rajesh Jayaram, Sandeep Silwal, and Erik Waingarten. 2023. Near-Linear Time Algorithm
for the Chamfer Distance. In NeurIPS.

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 188. Publication date: June 2026.



GEM: A Native Graph-based Index for Multi-Vector Retrieval 188:25

[4] Zheng Bian, Man Lung Yiu, and Bo Tang. 2025. IGP: Efficient Multi-Vector Retrieval via Proximity Graph Index (SIGIR

"25). Association for Computing Machinery, New York, NY, USA, 2524-2533.

Moses Charikar. 2002. Similarity estimation techniques from rounding algorithms. In STOC. ACM, 380-388.

[6] Mayur Datar, Nicole Immorlica, Piotr Indyk, and Vahab S. Mirrokni. 2004. Locality-sensitive hashing scheme based on
p-stable distributions. In SCG. ACM, 253-262.

[7] Joshua Engels, Benjamin Coleman, Vihan Lakshman, and Anshumali Shrivastava. 2023. DESSERT: An Efficient
Algorithm for Vector Set Search with Vector Set Queries. In NeurIPS.

[8] Thibault Formal, Benjamin Piwowarski, and Stéphane Clinchant. 2021. A White Box Analysis of ColBERT. In ECIR (2)
(Lecture Notes in Computer Science, Vol. 12657). Springer, 257-263.

[9] Cong Fu, Chao Xiang, Changxu Wang, and Deng Cai. 2019. Fast Approximate Nearest Neighbor Search With The
Navigating Spreading-out Graph. Proc. VLDB Endow. 12, 5 (2019), 461-474.

[10] Jianyang Gao, Yutong Gou, Yuexuan Xu, Yongyi Yang, Cheng Long, and Raymond Chi-Wing Wong. 2025. Practical
and Asymptotically Optimal Quantization of High-Dimensional Vectors in Euclidean Space for Approximate Nearest
Neighbor Search. Proc. ACM Manag. Data 3, 3 (2025), 202:1-202:26.

[11] Jianyang Gao and Cheng Long. 2024. RaBitQ: Quantizing High-Dimensional Vectors with a Theoretical Error Bound
for Approximate Nearest Neighbor Search. Proc. ACM Manag. Data 2, 3 (2024), 167.

[12] Yunfan Gao, Yun Xiong, Xinyu Gao, Kangxiang Jia, Jinliu Pan, Yuxi Bi, Yi Dai, Jiawei Sun, Qianyu Guo, Meng Wang,

and Haofen Wang. 2023. Retrieval-Augmented Generation for Large Language Models: A Survey. CoRR abs/2312.10997

(2023).

Tiezheng Ge, Kaiming He, Qifa Ke, and Jian Sun. 2014. Optimized Product Quantization. IEEE Trans. Pattern Anal.

Mach. Intell. 36, 4 (2014), 744-755.

[14] Kristen Grauman and Trevor Darrell. 2006. Approximate Correspondences in High Dimensions. In NIPS. MIT Press,

505-512.

Sebastian Hofstatter, Omar Khattab, Sophia Althammer, Mete Sertkan, and Allan Hanbury. 2022. Introducing Neural

Bag of Whole-Words with ColBERTer: Contextualized Late Interactions using Enhanced Reduction. In CIKM. ACM,

737-747.

[16] Qiang Huang, Jianlin Feng, Yikai Zhang, Qiong Fang, and Wilfred Ng. 2015. Query-Aware Locality-Sensitive Hashing
for Approximate Nearest Neighbor Search. PVLDB 9, 1 (2015), 1-12.

[17] Rajesh Jayaram, Laxman Dhulipala, Majid Hadian, Jason Lee, and Vahab Mirrokni. 2024. MUVERA: Multi-Vector
Retrieval via Fixed Dimensional Encoding. In NeurIPS.

[18] Suhas Jayaram Subramanya, Fnu Devvrit, Harsha Vardhan Simhadri, Ravishankar Krishnawamy, and Rohan Kadekodi.

2019. Diskann: Fast accurate billion-point nearest neighbor search on a single node. Advances in neural information

processing Systems 32 (2019).

Hervé Jégou, Matthijs Douze, and Cordelia Schmid. 2011. Product Quantization for Nearest Neighbor Search. IEEE

Trans. Pattern Anal. Mach. Intell. 33, 1 (2011), 117-128.

[20] Jyun-Yu Jiang, Patrick H. Chen, Cho-Jui Hsieh, and Wei Wang. 2020. Clustering and Constructing User Coresets to

Accelerate Large-scale Top-K Recommender Systems. In WWW. ACM / IW3C2, 2177-2187.

Vladimir Karpukhin, Barlas Oguz, Sewon Min, Patrick Lewis, Ledell Wu, Sergey Edunov, Danqi Chen, and Wen-tau Yih.

2020. Dense Passage Retrieval for Open-Domain Question Answering. In EMNLP (1). Association for Computational

Linguistics, 6769-6781.

[22] Omar Khattab, Christopher Potts, and Matei Zaharia. 2021. Relevance-guided Supervision for OpenQA with ColBERT.
Trans. Assoc. Comput. Linguistics 9 (2021), 929-944.

[23] Omar Khattab, Christopher Potts, and Matei A. Zaharia. 2021. Baleen: Robust Multi-Hop Reasoning at Scale via
Condensed Retrieval. In NeurIPS. 27670-27682.

[24] Omar Khattab and Matei Zaharia. 2020. ColBERT: Efficient and Effective Passage Search via Contextualized Late
Interaction over BERT. In SIGIR. ACM, 39-48.

[25] Jinhyuk Lee, Zhuyun Dai, Sai Meher Karthik Duddu, Tao Lei, Iftekhar Naim, Ming-Wei Chang, and Vincent Zhao.
2023. Rethinking the Role of Token Retrieval in Multi-Vector Retrieval. In NeurIPS.

[26] Yifan Lei, Qiang Huang, Mohan S. Kankanhalli, and Anthony K. H. Tung. 2020. Locality-Sensitive Hashing Scheme

based on Longest Circular Co-Substring. In SIGMOD Conference. ACM, 2589-2599.

Patrick S. H. Lewis, Ethan Perez, Aleksandra Piktus, Fabio Petroni, Vladimir Karpukhin, Naman Goyal, Heinrich

Kittler, Mike Lewis, Wen-tau Yih, Tim Rocktaschel, Sebastian Riedel, and Douwe Kiela. 2020. Retrieval-Augmented

Generation for Knowledge-Intensive NLP Tasks. In NeurIPS.

[28] Junnan Li, Dongxu Li, Silvio Savarese, and Steven C. H. Hoi. 2023. BLIP-2: Bootstrapping Language-Image Pre-training
with Frozen Image Encoders and Large Language Models. In ICML (Proceedings of Machine Learning Research, Vol. 202).
PMLR, 19730-19742.

—
(%)
—

[13

—

[15

—

[19

—

[21

—

[27

—

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 188. Publication date: June 2026.



188:26 Yao Tian, Zhoujin Tian, Xi Zhao, Ruiyuan Zhang, and Xiaofang Zhou

[29]

[30]
[31]
[32]
[33]
[34]
[35]
[36]
[37]
[38]
[39]
[40]
[41]
[42]
[43]
[44]

[45]

[46]

[47]

[48]
[49]

[50]

[51]
[52]

[53]

[54]

Minghan Li, Sheng-Chieh Lin, Barlas Oguz, Asish Ghoshal, Jimmy Lin, Yashar Mehdad, Wen-tau Yih, and Xilun Chen.
2023. CITADEL: Conditional Token Interaction via Dynamic Lexical Routing for Efficient and Effective Multi-Vector
Retrieval. In ACL (1). Association for Computational Linguistics, 11891-11907.

Yulong Li, Martin Franz, Md. Arafat Sultan, Bhavani Iyer, Young-Suk Lee, and Avirup Sil. 2022. Learning Cross-Lingual
IR from an English Retriever. In NAACL-HLT. Association for Computational Linguistics, 4428—-4436.

Weizhe Lin, Jinghong Chen, Jingbiao Mei, Alexandru Coca, and Bill Byrne. 2023. Fine-grained Late-interaction
Multi-modal Retrieval for Retrieval Augmented Visual Question Answering. In NeurIPS.

Weizhe Lin, Jingbiao Mei, Jinghong Chen, and Bill Byrne. 2024. PreFLMR: Scaling Up Fine-Grained Late-Interaction
Multi-modal Retrievers. In ACL (1). Association for Computational Linguistics, 5294-5316.

Wanqi Liu, Hanchen Wang, Ying Zhang, Wei Wang, Lu Qin, and Xuemin Lin. 2021. EI-LSH: An early-termination
driven I/O efficient incremental c-approximate nearest neighbor search. VLDB J. 30, 2 (2021), 215-235.

Yaoyang Liu, Junlin Li, Yinjun Wu, and Zhen Chen. 2025. POQD: Performance-Oriented Query Decomposer for
Multi-vector retrieval. CoRR abs/2505.19189 (2025).

Kejing Lu, Hongya Wang, Wei Wang, and Mineichi Kudo. 2020. VHP: Approximate Nearest Neighbor Search via
Virtual Hypersphere Partitioning. Proc. VLDB Endow. 13, 9 (2020), 1443-1455.

Simon Lupart, Thibault Formal, and Stéphane Clinchant. 2023. MS-Shift: An Analysis of MS MARCO Distribution
Shifts on Neural Retrieval. In ECIR (1) (Lecture Notes in Computer Science, Vol. 13980). Springer, 636-652.

Qin Lv, Moses Charikar, and Kai Li. 2004. Image similarity search with compact data structures. In CIKM. ACM,
208-217.

Qin Lv, William Josephson, Zhe Wang, Moses Charikar, and Kai Li. 2006. Ferret: a toolkit for content-based similarity
search of feature-rich data. In EuroSys. ACM, 317-330.

Yury A. Malkov and Dmitry A. Yashunin. 2020. Efficient and Robust Approximate Nearest Neighbor Search Using
Hierarchical Navigable Small World Graphs. IEEE Trans. Pattern Anal. Mach. Intell. 42, 4 (2020), 824-836.

Oscar R. Moll, Manuel Favela, Samuel Madden, Vijay Gadepally, and Michael ]J. Cafarella. 2023. SeeSaw: Interactive
Ad-hoc Search Over Image Databases. Proc. ACM Manag. Data 1, 4 (2023), 260:1-260:26.

Javier Alvaro Vargas Mufloz, Marcos André Gongalves, Zanoni Dias, and Ricardo da Silva Torres. 2019. Hierarchical
Clustering-Based Graphs for Large Scale Approximate Nearest Neighbor Search. Pattern Recognit. 96 (2019).

Franco Maria Nardini, Cosimo Rulli, and Rossano Venturini. 2024. Efficient Multi-vector Dense Retrieval with Bit
Vectors. In ECIR (2) (Lecture Notes in Computer Science, Vol. 14609). Springer, 3-17.

Ashwin Paranjape, Omar Khattab, Christopher Potts, Matei Zaharia, and Christopher D. Manning. 2022. Hindsight:
Posterior-guided training of retrievers for improved open-ended generation. In ICLR. OpenReview.net.

Shishir G. Patil, Tianjun Zhang, Xin Wang, and Joseph E. Gonzalez. 2023. Gorilla: Large Language Model Connected
with Massive APIs. CoRR abs/2305.15334 (2023).

F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, M. Blondel, P. Prettenhofer, R. Weiss, V.
Dubourg, J. Vanderplas, A. Passos, D. Cournapeau, M. Brucher, M. Perrot, and E. Duchesnay. 2011. Scikit-learn: Machine
Learning in Python. Journal of Machine Learning Research 12 (2011), 2825-2830.

Pinecone. 2025. Multi-vector embeddings tutorial. https://www.pinecone.io/blog/cascading-retrieval-with-multi-
vector-representations/

Arun Reddy, Alexander Martin, Eugene Yang, Andrew Yates, Kate Sanders, Kenton Murray, Reno Kriz, Celso M.
de Melo, Benjamin Van Durme, and Rama Chellappa. 2025. Video-ColBERT: Contextualized Late Interaction for
Text-to-Video Retrieval. In CVPR. Computer Vision Foundation / IEEE, 19691-19701.

Yossi Rubner, Carlo Tomasi, and Leonidas J. Guibas. 2000. The Earth Mover’s Distance as a Metric for Image Retrieval.
Int. J. Comput. Vis. 40, 2 (2000), 99-121.

Keshav Santhanam, Omar Khattab, Christopher Potts, and Matei Zaharia. 2022. PLAID: An Efficient Engine for Late
Interaction Retrieval. In CIKM. ACM, 1747-1756.

Keshav Santhanam, Omar Khattab, Jon Saad-Falcon, Christopher Potts, and Matei Zaharia. 2022. ColBERTv2: Effective
and Efficient Retrieval via Lightweight Late Interaction. In NAACL-HLT. Association for Computational Linguistics,
3715-3734.

Katherine Thai, Yapei Chang, Kalpesh Krishna, and Mobhit Iyyer. 2022. RELiC: Retrieving Evidence for Literary Claims.
In ACL (1). Association for Computational Linguistics, 7500-7518.

Nandan Thakur, Nils Reimers, Andreas Riicklé, Abhishek Srivastava, and Iryna Gurevych. 2021. BEIR: A Heterogeneous
Benchmark for Zero-shot Evaluation of Information Retrieval Models. In NeurIPS Datasets and Benchmarks.

Yao Tian, Ziyang Yue, Ruiyuan Zhang, Xi Zhao, Bolong Zheng, and Xiaofang Zhou. 2023. Approximate Nearest
Neighbor Search in High Dimensional Vector Databases: Current Research and Future Directions. IEEE Data Eng. Bull.
47, 3 (2023), 39-54.

Yao Tian, Xi Zhao, and Xiaofang Zhou. 2022. DB-LSH: Locality-Sensitive Hashing with Query-based Dynamic
Bucketing. In ICDE. IEEE, 2250-2262.

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 188. Publication date: June 2026.


https://www.pinecone.io/blog/cascading-retrieval-with-multi-vector-representations/
https://www.pinecone.io/blog/cascading-retrieval-with-multi-vector-representations/

GEM: A Native Graph-based Index for Multi-Vector Retrieval 188:27

[55]

[56]

[57]

[58]

[59]

[60]

[61]
[62]

[63]
[64]
[65]

[66]

Yao Tian, Xi Zhao, and Xiaofang Zhou. 2024. DB-LSH 2.0: Locality-Sensitive Hashing With Query-Based Dynamic
Bucketing. IEEE Trans. Knowl. Data Eng. 36, 3 (2024), 1000-1015.

Zhoujin Tian, Chaozhuo Li, Zhigiang Zuo, Zengxuan Wen, Lichao Sun, Xinyue Hu, Wen Zhang, Haizhen Huang,
Senzhang Wang, Weiwei Deng, Xing Xie, and Qi Zhang. 2023. PASS: Personalized Advertiser-aware Sponsored Search.
In KDD. ACM, 4924-4936.

Vespa. 2024. Multi-vector embeddings tutorial. https://blog.vespa.ai/announcing-long-context-colbert-in-vespa/
Mengzhao Wang, Weizhi Xu, Xiaomeng Yi, Songlin Wu, Zhangyang Peng, Xiangyu Ke, Yunjun Gao, Xiaoliang Xu,
Rentong Guo, and Charles Xie. 2024. Starling: An I/O-Efficient Disk-Resident Graph Index Framework for High-
Dimensional Vector Similarity Search on Data Segment. Proc. ACM Manag. Data 2, 1 (2024), V2mod014:1-V2mod014:27.
Xiao Wang, Craig Macdonald, Nicola Tonellotto, and Iadh Ounis. 2021. Pseudo-Relevance Feedback for Multiple
Representation Dense Retrieval. In ICTIR. ACM, 297-306.

Xiao Wang, Craig Macdonald, Nicola Tonellotto, and Iadh Ounis. 2023. Reproducibility, Replicability, and Insights into
Dense Multi-Representation Retrieval Models: from ColBERT to Col. In SIGIR. ACM, 2552-2561.

Weaviate. 2025. Multi-vector embeddings tutorial. https://docs.weaviate.io/weaviate/tutorials/multi-vector-embeddings
Xiao Yang, Kai Sun, Hao Xin, Yushi Sun, Nikita Bhalla, Xiangsen Chen, Sajal Choudhary, Rongze Daniel Gui, Ziran Will
Jiang, Ziyu Jiang, Lingkun Kong, Brian Moran, Jiagi Wang, Yifan Ethan Xu, An Yan, Chenyu Yang, Eting Yuan, Hanwen
Zha, Nan Tang, Lei Chen, Nicolas Scheffer, Yue Liu, Nirav Shah, Rakesh Wanga, Anuj Kumar, Wen-tau Yih, and
Xin Luna Dong. 2024. CRAG - Comprehensive RAG Benchmark. CoRR abs/2406.04744 (2024).

Lewei Yao, Runhui Huang, Lu Hou, Guansong Lu, Minzhe Niu, Hang Xu, Xiaodan Liang, Zhenguo Li, Xin Jiang, and
Chunjing Xu. 2022. FILIP: Fine-grained Interactive Language-Image Pre-Training. In ICLR. OpenReview.net.

Jingtao Zhan, Xiaohui Xie, Jiaxin Mao, Yiqun Liu, Jiafeng Guo, Min Zhang, and Shaoping Ma. 2022. Evaluating
Interpolation and Extrapolation Performance of Neural Retrieval Models. In CIKM. ACM, 2486-2496.

Xi Zhao, Yao Tian, Kai Huang, Bolong Zheng, and Xiaofang Zhou. 2023. Towards Efficient Index Construction and
Approximate Nearest Neighbor Search in High-Dimensional Spaces. Proc. VLDB Endow. 16, 8 (2023), 1979-1991.
Bolong Zheng, Xi Zhao, Lianggui Weng, Nguyen Quoc Viet Hung, Hang Liu, and Christian S. Jensen. 2020. PM-LSH:
A Fast and Accurate LSH Framework for High-Dimensional Approximate NN Search. Proc. VLDB Endow. 13, 5 (2020),
643-655.

Received October 2025; revised January 2026; accepted February 2026

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 188. Publication date: June 2026.


https://blog.vespa.ai/announcing-long-context-colbert-in-vespa/
https://docs.weaviate.io/weaviate/tutorials/multi-vector-embeddings

	3807458-acm-masthead-cover
	3807458-V4-N3-June26-Contents
	3802001
	Abstract

	3802002
	Abstract
	1 Introduction
	2 Related Works
	3 A Case for Lightweight Proxy Model For Efficient AI Query Engine
	4 Lightweight Proxy Approximation
	4.1 Online and Offline Proxy Model Training
	4.2 Imbalanced Label Training
	4.3 Automatic Proxy Model Evaluation
	4.4 Adaptive Proxy Model Selection

	5 Detailed Analysis of Proxy Approximation
	5.1 Evaluation Setup
	5.2 Fast Semantic Filtering
	5.3 Fast Semantic Ranking
	5.4 Impact of Sampling Strategy
	5.5 Imbalanced Data Label Challenge
	5.6 Role of Embedding Quality
	5.7 Online VS. Offline Training and Model Selection
	5.8 Proxy Model Robustness Across Relational Filter Predicates

	6 Discussion and Lessons for Future Research
	6.1 Optimize Using Diverse Array of Models
	6.2 Proxies for other AI Query Operators

	7 Conclusion & Future Work
	Acknowledgments
	References

	3802003
	Abstract
	1 Introduction
	2 Background: Probabilistic Programming
	2.1 Probabilistic Graphical Models
	2.2 Probabilistic Programming Languages

	3 Modeling AQP with Discrete Distributions
	3.1 Supported Queries
	3.2 Problem Formulation

	4 System Overview
	4.1 System Architecture
	4.2 SQL to BTL++
	4.3 BTL++ to Tensor Algebra

	5 Compiler Optimizations
	6 Experiments
	6.1 Setup
	6.2 Cardinality Estimation
	6.3 Performance of AQP
	6.4 Optimizations in Compilation Phases
	6.5 Scalability with Group-By Complexity
	6.6 Offline Training
	6.7 Compilation Overhead

	7 Future Directions
	8 Related Work
	9 Conclusions
	Acknowledgments
	References

	3802004
	Abstract
	1 Introduction
	2 Query Syntax and Semantics
	3 Use Cases
	4 Background
	4.1 Sampling
	4.2 Embedding-based Blocking

	5 Efficient JoinML Algorithms with Guarantees
	5.1 Weighted Wander Join
	5.2 Blocking-augmented Sampling
	5.3 BaS with Adaptive Allocation
	5.4 BaS for Selection Queries
	5.5 Practical Guidelines

	6 Theoretical Analysis of BaS
	6.1 BaS Converges to the Optimal Allocation
	6.2 BaS Outperforms or Matches WWJ

	7 Evaluation
	7.1 Experiment Settings
	7.2 Statistical Guarantees
	7.3 End-to-end Performance
	7.4 Application of Approximate COUNT: Join Order Optimization
	7.5 Ablation Study
	7.6 Sensitivity Analysis

	8 Related Work
	9 Conclusion
	10 Acknowledgements
	References

	3802005
	Abstract
	1 Introduction
	2 State-of-the-art Solutions
	2.1 McSplit Algorithm
	2.2 RRSplit Algorithm
	2.3 Discussion

	3 Dual-Symmetry Breaking Framework
	3.1 Modular Symmetry
	3.2 Variable Symmetry Breaking
	3.3 Value Symmetry Breaking
	3.4 Compatibility
	3.5 Algorithm Description
	3.6 Variants
	3.7 Complexity Analysis

	4 Experiments
	4.1 Performance Comparison
	4.2 Further Analysis
	4.3 Ablation Study

	5 Related Work
	6 Conclusion
	7 Limitation and Future Work
	Acknowledgments
	References

	3802006
	Abstract
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 Notations
	3.2 Graph Pattern Counting
	3.3 Differential Privacy on Graphs
	3.4 Local Differential Privacy
	3.5 Useful Concentration Bounds

	4 LDP Walk Counting
	4.1 Overview of the RR-Based Method
	4.2 Our Approach: Multi-Round Aggregation
	4.3 Optimization in Efficiency

	5 LDP Path Counting
	5.1 Random Marking: Transforming Path Counting into Walk Counting 
	5.2 Integrating DP and Efficiency Optimization

	6 LDP Acyclic Pattern Counting
	6.1 Ordering Vertices in Acyclic Patterns
	6.2 Non-Private Acyclic Pattern Counting
	6.3 Integrating DP and Efficiency Optimization

	7 Experiment
	7.1 Setup
	7.2 Experiment Results
	7.3 Sampling Error vs. DP Noise

	8 Future Work
	References

	3802007
	Abstract
	1 Introduction
	2 Preliminary
	2.1 Related Work
	2.2 Problem Statement

	3 The KNode-based Framework
	3.1 Inspiration from the kNN based Algorithms
	3.2 The Concept of k-Node

	4 Support RPA-OD Under Data Streams
	4.1 Maintenance of (NNl)
	4.2 e(lk+, t, f, S) Guided Outlier Evaluation
	4.3 Outlier Retrieval
	4.4 Adjusting Distance Threshold r
	4.5 Cost Analysis

	5 Performance Evaluation
	5.1 Experimental Settings
	5.2 Comparisons Under Fixed Parameters
	5.3 Comparisons Under Dynamic Parameters

	6 Conclusion
	Acknowledgments
	References

	3802008
	Abstract
	1 Introduction
	2 Typical Queries and Related Work
	2.1 Typical Scholarly Queries
	2.2 Related Systems

	3 Knowledge Representation Layer: From Multi-Modal Structure to Hierarchical Research Taxonomies
	3.1 Reference-enhanced Taxonomy Construction

	4 LLM-Centric Hybrid Planning Layer: From Natural-Language Queries to Executable Plans
	4.1 LLM-Driven Query Decomposition
	4.2 Predefined Plan Selection
	4.3 Dynamic Plan Generation with Self-correction

	5 Unified Execution Layer: Operator Orchestration and Execution
	5.1 Operator Library
	5.2 Unified Query Execution Engine

	6 Experimental Study
	6.1 Evaluation of Retrieval
	6.2 Information Extraction and Synthesis
	6.3 Knowledge Discovery and Generation
	6.4 Case Study on Learning-based Query Optimization
	6.5 Validating Architectural Design

	7 Lessons Learned and Future Work
	8 Conclusion
	Acknowledgments
	References

	3802009
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 LLM Inference
	2.2 A Deep Insight into the Decode
	2.3 The Bottleneck of Tokens with Long Prefix
	2.4 Exploration of Prefix-aware Batching

	3 AlignedServe
	3.1 Challenges and Design Philosophy
	3.2 The Overall Architecture
	3.3 The Prefix-aware Batching Policy
	3.4 The Batch-level Scheduling Policy
	3.5 Details of Implementation

	4 Performance Evaluation
	4.1 Experimental Setup
	4.2 Decoding Throughput
	4.3 Decoding Latency
	4.4 Ablation Study

	5 Related Works
	6 Conclusion
	Acknowledgments
	References

	3802010
	Abstract
	1 Introduction
	1.1 Contributions
	1.2 Related Work
	1.3 Organization

	2 Preliminaries
	2.1 Notation and Computational Model
	2.2 Uniform Graphlet Sampling
	2.3 Concentration Inequalities

	3 Improved Algorithms to Compute the Degree-Dominating Order
	3.1 A Simple Approach Using O(logn) Passes
	3.2 From O(logn) to O(1/c) Passes

	4 Approximating the k-Graphlet Distribution
	4.1 Sampling with Counters
	4.2 Counters vs. Rejection: a Variance View
	4.3 The Complete Algorithm

	5 Experiments
	5.1 Datasets
	5.2 Computing the DD Order
	5.3 Computing the Graphlet Distribution

	6 Conclusion
	Acknowledgments
	References

	3802011
	Abstract
	1 Introduction
	2 Background on Filtered Vector Search
	2.1 Execution Strategies for FVS Queries
	2.2 Inline Filter-Agnostic Approaches
	2.3 Filter-Agnostic FVS Algorithms

	3 FVS Algorithms in PostgreSQL Database
	3.1 Graph-based Filter-First Methods
	3.2 Graph-based Traversal-First Methods
	3.3 Filtered ScaNN
	3.4 Steps in a Search Algorithm in a System

	4 Filtered Vector Workload Generator
	4.1 The need for exhaustive correlation studies
	4.2 Implementation

	5 Experimental Setup
	6 Evaluations and Analysis
	6.1 Performance Results
	6.2 Where Does the Time Go?
	6.3 Sensitivity to Result Size (LIMIT k)
	6.4 Non-Monotonic Performance
	6.5 Correlation Effects
	6.6 Sources of System Overhead

	7 Observations and Insights
	8 Related Work
	9 Future Work and Conclusions
	Acknowledgments
	References

	3802012
	Abstract
	1 Introduction
	2 Preliminary and Related Work
	2.1 Anomaly Detection and Attack Investigation
	2.2 Log Text and Provenance Graph
	2.3 Research Status
	2.4 Knowledge Graph-Augmented LLM
	2.5 Threat Model
	2.6 Problem Definition

	3 Overview of System Design
	4 Details of ANTEATER
	4.1 Anomaly Log Detection Model
	4.2 Attack Investigation Module

	5 Evaluation
	5.1 Experiment Setup
	5.2 Effectiveness of Anomaly Detection Module
	5.3 Effectiveness of Attack Investigation
	5.4 Overhead Analysis
	5.5 Decoupling Test
	5.6 Case study and mechanism analysis
	5.7 Robustness Analysis
	5.8 Hyperparameter Analysis

	6 Discussion and Limitations
	6.1 Application and Integration of LLMs
	6.2 Dependency on Logging System

	7 Conclusion
	Acknowledgments
	References

	3802013
	Abstract
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 DBSCAN
	3.2 Kernel Density Estimation

	4 Approximate Method for DBSCAN Clustering
	4.1 MCDS Formulation for DBSCAN Clustering
	4.2 Approximation Algorithm LDBS-KDE
	4.3 Time Complexity
	4.4 Accuracy Analysis

	5 Experiment
	5.1 Setup
	5.2 Results

	6 Conclusion
	Acknowledgments
	References

	3802014
	Abstract
	1 Introduction
	2 Workload Drift in Learned Database Systems
	2.1 Problem Definition
	2.2 Quantifying the Degree of Workload Drift
	2.3 JOB-light-drift and STATS-drift

	3 Evaluation Methodology
	3.1 Selected Database Components
	3.2 Evaluation Setup

	4 Cardinality Estimation
	4.1 Analysis of Performance
	4.2 Key Findings and Insights.

	5 Cost Estimation
	5.1 Performance Analysis
	5.2 Key Findings and Insights

	6 Query Optimization
	6.1 Analysis of Performance
	6.2 Key Findings and Insights

	7 Related Work
	8 Conclusions and Future Directions
	8.1 Conclusions and Key Takeaways
	8.2 Future Directions

	Acknowledgments
	References

	3802015
	Abstract
	1 Introduction
	2 Background
	2.1 Adaptive Radix Trees (ART)
	2.2 Multiversion Data Structures (VERLIB)
	2.3 Integrating VERLIB with ART
	2.4 Non-Volatile Memory (NVM)
	2.5 Durable Linearizability

	3 Design of PermART
	3.1 Ensuring Durable Linearizability
	3.2 Optimizing Copy-on-Write

	4 Experimental Evaluation
	4.1 Point Operation Performance
	4.2 Range Query Performance
	4.3 MVCC Cost Breakdown
	4.4 In-Node Logging Benefits
	4.5 Durability Cost Breakdown

	5 Related Work
	5.1 Multiversioning
	5.2 Persistent Indexes

	6 Conclusion
	Acknowledgments
	References

	3802016
	Abstract
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 Shapley-like Values
	3.2 The Monte Carlo Method

	4 STATIC STRATIFIED SAMPLING
	5 Adaptive Stratified Sampling
	5.1 Proper Sample Allocation for Stratification
	5.2 Stratification after Sampling (ASSS-A)
	5.3 Stratification before Sampling (ASSS-B)
	5.4 Theoretical Analysis

	6 Experiments
	6.1 Experiment Setup
	6.2 Effectiveness
	6.3 Efficiency
	6.4 Scalability
	6.5 Robustness
	6.6 Summary and Guidelines

	7 Conclusions
	References

	3802017
	Abstract
	1 Introduction
	2 Background
	3 Argus Overview
	4 Constrained Abstract Query
	5 Test Oracle Discovery
	5.1 Database Seeding
	5.2 CAQ Pairs Generation
	5.3 Equivalence Checking

	6 Test Cases Instantiation
	6.1 Corpus Synthesis
	6.2 Query Instantiation
	6.3 Database Instantiation and Bug Reporting

	7 Evaluation
	7.1 New Bugs and Oracles
	7.2 Code Coverage
	7.3 Effect of Test Oracles
	7.4 Effect of SQL Equivalence Prover
	7.5 Cost and Efficiency Analysis
	7.6 Component-wise Analysis

	8 Discussion
	9 Related Work
	10 Conclusion
	11 Ackowledgements
	References

	3802018
	Abstract
	1 Introduction
	2 Preliminary
	2.1 Database Native Functions
	2.2 Database Native Function Code Synthesis
	2.3 Pilot Study

	3 DBCooker Overview
	4 Function Characterization
	4.1 Function Declaration Collection
	4.2 Distinctive Function Unit Identification
	4.3 Cross-Unit Reference Analysis

	5 Function Code Synthesis Operations
	5.1 Pseudo-based Coding Plan Generation
	5.2 Progressive Code Synthesis
	5.3 Three-Stage Code Validation

	6 From Static Function Synthesis to Adaptive Tool Orchestration
	6.1 Operation-as-Tool Abstraction
	6.2 Tool-based Stepwise Function Synthesis

	7 Experiments
	7.1 Experiment Settings
	7.2 Overall Performance
	7.3 Fine-Grained Analysis
	7.4 Ablation Study
	7.5 New Native Function Synthesis

	8 Related Work
	9 Conclusion and Future Work
	Acknowledgments
	References

	3802019
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Foundational Metrics and Notation
	2.2 Global Coverage and Local Fidelity
	2.3 Problem Formulation

	3 Motivation and Challenges
	3.1 Theoretical Motivation for Local Fidelity
	3.2 Key Challenges

	4 Methods
	4.1 LASS-Lite: a simple and robust baseline
	4.2 LASS-NA: neighbor-aware cohort selection as budgeted concave coverage
	4.3 Algorithmic Analysis

	5 Experiments
	6 Related Work
	7 Conclusion
	Acknowledgments
	References

	3802020
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Statement
	2.2 Supported Transformation Operators
	2.3 Monte Carlo Tree Search

	3 Our Framework
	3.1 DP Action Sandbox
	3.2 Fundamental Pipeline Generator
	3.3 Execution-aware Pipeline Optimizer

	4 Experiments
	4.1 Main Results
	4.2 Ablation Study
	4.3 Further Analysis

	5 Related Work
	6 Conclusions
	Acknowledgments
	References

	3802021
	Abstract
	1 Introduction
	2 Related Work
	3 Preliminaries and Problem Definition
	3.1 Notations and Blocking
	3.2 Entity Matching
	3.3 Problem Definition

	4 Budget-Aware Entity Matching Across Domains
	4.1 Basic Models
	4.2 Distribution-Aware Models
	4.3 BEACON

	5 Experimental Setup
	5.1 Datasets
	5.2 Implementation Details
	5.3 Baselines

	6 Results and Analysis
	6.1 Main Results
	6.2 Ablation Study
	6.3 Performance of Individual Domains
	6.4 Unbudgeted Analysis

	7 Conclusion
	Acknowledgments
	References

	3802022
	Abstract
	1 Introduction
	1.1 Limitations of Existing Methods
	1.2 Our Approach and Contributions

	2 Preliminary
	3 Filter with Shared Signature
	3.1 Signature
	3.2 Hierarchical Signature
	3.3 Filter with Signature

	4 Visit-Only-Once Backtracking
	4.1 Visit-Only-Once for Shared Candidates
	4.2 Order Optimization with Shared Candidates

	5 Shared Block Reuse
	6 Experimental Evaluation
	6.1 Experimental Setting
	6.2 Overall Performance
	6.3 Evaluation of Parameter Sensitivity
	6.4 Evaluation of Scalability
	6.5 Ablation Study

	7 Related work
	7.1 Subgraph Matching
	7.2 Multi-Subgraph Query Optimization 

	8 Conclusion
	Acknowledgments
	References

	3802023
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Definitions
	2.2 Maxflow Problem

	3 Related Work
	4 Novel Density Bounds
	4.1 Lower Bounds
	4.2 Upper Bounds

	5 Our System Design
	5.1 Overview and Challenges
	5.2 GPU-Aware Data Structures

	6 Algorithm Design
	6.1 Host Algorithm
	6.2 Clique Enumeration
	6.3 Clique Core Decomposition
	6.4 Component Decomposition
	6.5 Dynamic Exact Algorithm

	7 Experiments
	7.1 Setup
	7.2 Overall Performance
	7.3 Effect of Max Height
	7.4 Bound Comparison
	7.5 Effect of Structure Aware Global Relabeling
	7.6 Effect of Clique Enumeration Design
	7.7 Load Imbalance Analysis

	8 Conclusion
	References

	3802024
	Abstract
	1 Introduction
	2 Preliminary
	2.1 Problem Definition
	2.2 Related Work

	3 The Framework of SemStats
	4 Semantic Data Catalog
	4.1 Semantic Data Catalog in SemStats
	4.2 Semantic Data Catalog Construction

	5 Index of Semantic Data Distribution
	5.1 Efficient Index Construction
	5.2 Train A Small Model for Online Judgment

	6 Semantic Cardinality Estimation
	6.1 Relevant Data Location
	6.2 Stratified Importance Sampling
	6.3 Supporting Semantic Joins

	7 Experiments
	7.1 Experimental Settings
	7.2 Overall Evaluation
	7.3 Evaluation of Index Construction
	7.4 Evaluation of Real-World Queries
	7.5 Evaluation of Sampling Method
	7.6 Evaluation of Data Update
	7.7 Scalability Evaluation
	7.8 Evaluation of Hyperparameters

	8 Conclusion
	Acknowledgments
	References

	3802025
	Abstract
	1 Introduction
	2 Background
	3 Bw-Graph Overview
	4 Topology-Aware Tree
	4.1 Storage Layout
	4.2 Hierarchical Organization
	4.3 Complexity Analysis

	5 SMO in Bw-Graph
	5.1 Delta Pages
	5.2 Topology-Aware Consolidation

	6 Version Control Protocol
	6.1 Multi-Version Vertex Index
	6.2 MVCC in Bw-Graph

	7 Evaluation
	7.1 Experimental Setup
	7.2 Transactional Processing
	7.3 Analytical Processing
	7.4 Hybrid Workload
	7.5 Storage Footprint
	7.6 Graph Sampling
	7.7 Design Validation

	8 Related Work
	9 Conclusion
	Acknowledgments
	References

	3802026
	Abstract
	1 Introduction
	1.1 Challenge: Impact of the Data Distribution on Skyline Discovery Performance
	1.2 Our Contributions: Causally-Informed Selective Data De-Correlation

	2 Related Works
	3 Preliminaries
	3.1 Causal Graphs and Skylines
	3.2 Conditioning and De-Correlation

	4 Causal Search for Skylines (CSS) with Selective De-Correlation
	4.1 Problem Formulation
	4.2 Baseline Algorithm - Algorithm #0: Data Driven Conditioning Set Selection

	5 Algorithm #1: Gain-based Negative Path Blocking
	6 Algorithm #2: Leaky Negative Path Blocking
	6.1 Issue #1: Leaky Blocking
	6.2 Issue #2: Noisy Causal Information Passing
	6.3 Leaky Negative Path Blocking
	6.4 Complexity Analysis
	6.5  Computation of the Scaling Parameters

	7 Experiments and Analysis
	7.1 Experiment Setup
	7.2 Experiment Results

	8 Conclusions
	Acknowledgments
	References

	3802027
	Abstract
	1 Introduction
	2 Background
	2.1 Graph-based Index for ANNS
	2.2 GPU Architecture

	3 Motivation and Challenges
	3.1 Characteristics of Graph Index Construction
	3.2 Challenges

	4 Framework Overview
	5 CMANNS's System Design
	5.1 Tensor Core-Accelerated Computation
	5.2 Hot-Set–Aware Dynamic Locality
	5.3 Out-of-GPU-Memory Streaming Pipelining

	6 Implementation and Cost Model
	6.1 Persistent Kernel Execution
	6.2 Cost Model and Shard Size Selection

	7 Evaluation
	7.1 Experimental Setup
	7.2 Overall Performance
	7.3 Adaptation to Other Indices
	7.4 Vector Search Quality
	7.5 Comparison with SOTA CPU Baseline
	7.6 Comparison with SOTA GPU Baseline
	7.7 Out-of-GPU-Memory Evaluation
	7.8 End-to-End Performance: Build & Search
	7.9 Efficiency of Different Optimizations
	7.10 Microbenchmark

	8 Related Work
	9 Conclusion
	Acknowledgments
	References

	3802028
	Abstract
	1 Introduction
	2 Background
	2.1 LLM Inference
	2.2 Attention Mechanism
	2.3 GPU Architecture
	2.4 FlashAttention and FlashDecoding
	2.5 Prefix-sharing

	3 Overview
	3.1 Requirement
	3.2 System Architecture

	4 GPU Kernel Design
	4.1 KV Cache Management
	4.2 Intra-Block Kernel Primitive
	4.3 Inter-Block Launching and Tree-Reduction

	5 Workload Balance
	5.1 Task Division and Scheduling
	5.2 Cost Estimation

	6 Implementation
	7 Evaluation
	7.1 Experimental Setup
	7.2 Comparison with SOTA
	7.3 Ablation Studies
	7.4 Impact of Division Granularity
	7.5 Overhead of Task Division
	7.6 Performance in Varying GPU Cards
	7.7 Performance in Varying Models

	8 Related Work
	9 Conclusion
	Acknowledgments
	References

	3802029
	Abstract
	1 Introduction
	2 Related Work
	3 The Value Linking Problem
	4 Value Linking Taxonomy
	4.1 Input
	4.2 Input Pre-Processing
	4.3 Value Reference Detection
	4.4 Value Mapping
	4.5 Index Creation
	4.6 Filtering
	4.7 Usage of Value Links
	4.8 Random Value Sampling

	5 Overview of Systems
	6 The VLD Benchmark
	7 Evaluation
	7.1 Experimental Setup
	7.2 Evaluation of Value Linking Component
	7.3 Evaluation of the Text-to-SQL Task
	7.4 Ideal Value Links and Noise
	7.5 Performance Impact of Detection and Mapping Methods
	7.6 Generalization to Unseen Schemas
	7.7 Scalability Analysis

	8 Implications for Real-World Deployment
	8.1 The ``Data Blindness'' Bottleneck
	8.2 Lessons Learned and Key Takeaways

	9 Conclusion
	Acknowledgments
	References

	3802030
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Tree Structures
	2.2 Path Copy
	2.3 Related Works

	3 The ConTree Library
	3.1 The State Machine Model
	3.2 Convert Recursive Process to State Machine

	4 The ConTree Implementation
	4.1 Dependency Resolution
	4.2 Reduce Synchronisation Overhead
	4.3 Enable Global Operations via Checkpoints

	5 Tree Structures based on ConTree
	5.1 Adaptive Equalised Radix Tree
	5.2 B-Elastic Tree

	6 Experiment
	7 Conclusion
	Acknowledgments
	References

	3802031
	Abstract
	1 Introduction
	2 Problem Definition
	3 Our Proposed Algorithm
	3.1 Spanning Graph Construction
	3.2 Constrained Shortest Path Finding on Terrain Surfaces (CPTS) Algorithm
	3.3 Theoretical Analysis

	4 Related Work and Baselines
	4.1 Related Work
	4.2 Baseline Algorithms
	4.3 Comparison with Our Algorithm

	5 Experiment
	5.1 Experimental Setting
	5.2 Experimental Results
	5.3 Case Study

	6 Conclusion
	Acknowledgments
	References

	3802032
	Abstract
	1 Introduction
	2 Preliminaries
	3 The CoShap Framework
	3.1 Overview
	3.2 Layer-wise Coalition Growth
	3.3 Feature-wise Variance-Aware Allocation
	3.4 Dynamic Budget Allocation

	4 Theoretical Analysis
	4.1 Unbiasedness Analysis
	4.2 Convergence Analysis
	4.3 Complexity Analysis

	5 Experiments
	5.1 Experimental Setup
	5.2 Accuracy and Efficiency
	5.3 Convergence, Scalability & Interpretability
	5.4 Sensitivity Study
	5.5 Case Study
	5.6 Ablation Study

	6 Related Work
	7 Conclusions
	8 Acknowledgments
	References

	3802033
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Definition
	2.2 Processing RPQs
	2.3 WavePlan
	2.4 Labeled Grid Format

	3 Challenges of GPU-Based CRPQ Processing
	4 GPU-Based Hop-Limited Level-Wise DFS
	4.1 Base Phase
	4.2 Expansion Phase

	5 GPU-Based On-Demand Segment Pooling
	5.1 Visited Segment
	5.2 Checkpoint Segment
	5.3 Bridge Segment

	6 Concurrent Exploration-Materialization
	6.1 Batch-Incremental Materialization
	6.2 Processing CRPQs with Execution Plans

	7 Architecture of cuRPQ
	8 Performance Evaluation
	8.1 Experimental Setup
	8.2 Comparison of RPQ Performance
	8.3 Comparison of CRPQ Performance
	8.4 GPU Performance and Parallelism Analysis
	8.5 Ablation Study on cuRPQ

	9 Related Work
	10 Conclusion and Discussion
	Acknowledgments
	References

	3802034
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Formulation
	2.2 Scope and Assumptions

	3 The DBugScribe Framework
	3.1 Design Philosophy
	3.2 System Architecture
	3.3 DBugScribe DSL: DBMS Bug Scenarios
	3.4 LLM-Driven Synthesis Pipeline
	3.5 Execution and Validation Engine

	4 Experimental Evaluation
	4.1 Dataset Construction and Curation
	4.2 Reproduction Effectiveness Analysis
	4.3 Fine-Grained Performance Analysis
	4.4 Extended Applications and Discoveries

	5 Discussion
	6 Related Work
	7 Conclusion
	References

	3802035
	Abstract
	1 Introduction
	2 DeepEye-SQL Overview
	3 The Design Details of DeepEye-SQL
	3.1 Semantic Value Retrieval
	3.2 Robust Schema Linking
	3.3 N-version Programming for SQL Generation
	3.4 SQL Unit Testing and Revision via Tool-Chain
	3.5 Confidence-aware SQL Selection
	3.6 Workflow Optimization

	4 Experiments
	4.1 Experimental Setup
	4.2 Overall Performance
	4.3 Robust Schema Linking Analysis
	4.4 Analysis on N-Version Programming for SQL Generation
	4.5 Confidence-aware SQL Selection Analysis
	4.6 Ablation Study
	4.7 Efficiency Analysis
	4.8 Error Analysis

	5 Related Work
	6 Conclusion
	Acknowledgments
	References

	3802036
	Abstract
	1 Introduction
	2 Background
	3 Join Implication Reasoning
	3.1 Overview
	3.2 Implication Reasoning Rules
	3.3 Proofs
	3.4 Properties

	4 Implementation
	5 Evaluation
	5.1 Experimental Setup
	5.2 Bug Finding Effectiveness
	5.3 Diversity of Join Optimization Bugs
	5.4 Representative Bugs and Root Causes
	5.5 Comparative Study of Test Oracles

	6 Discussion
	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802037
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 MLLM Architecture
	2.2 Scaling Visual Inputs in Modern MLLMs
	2.3 Motivation

	3 DFLOP
	3.1 Overview
	3.2 Profiling Engine
	3.3 Data-aware 3D Parallelism Optimizer
	3.4 Online Microbatch Scheduler

	4 Implementation
	5 Evaluation
	5.1 Experimental Setup
	5.2 Macro Experiments
	5.3 Micro Experiments

	6 Related Work
	7 Conclusion
	Acknowledgments
	References

	3802038
	Abstract
	1 Introduction
	2 Background and Motivation
	3 Illustrative Example
	4 SQLFlex
	4.1 Clause-level Segmentation
	4.2 Expression-level Segmentation
	4.3 Validation and Repair
	4.4 Rewriter and Pretty-Printer

	5 Implementation and Experimental Setup
	6 Use Cases
	6.1 SQL Linting
	6.2 Test-Case Reduction

	7 Standalone Evaluation
	7.1 Q1: Effectivness and Reliability
	7.2 Q2: Ablation Study
	7.3 Q3: Efficiency
	7.4 Q4: Parsing DDLs

	8 Discussion and Limitation
	9 Related Work
	10 Conclusion
	Acknowledgments
	References

	3802039
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Multi-way Joins
	2.2 Formulation of Obliviousness

	3 Framework of DO Join
	3.1 Framework
	3.2 Solutions for Problem 2
	3.3 How Problem 1 Matters for DO Join

	4 Relaxed-residual Sensitivity (RRS)
	4.1 Insights from Evaluating Join-max Query
	4.2 Dropping Boundary Attributes
	4.3 Incorporating Degree Information
	4.4 New Smooth UB on Maximum Boundary

	5 RRS-based DO Join
	5.1 Algorithm
	5.2 Theoretical Analysis of Time Complexity
	5.3 Discussions

	6 Experiments
	6.1 Setup
	6.2 Sensitivity
	6.3 DO Join Evaluation
	6.4 Privacy Budget
	6.5 Scalability
	6.6 Access Pattern Instrumentation

	7 Related Work
	8 Conclusion
	References

	3802040
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Trajectory Data
	2.2 Trajectory Simplification
	2.3 Trajectory Reconstruction

	3 Motivation
	4 Our Trajectory Compression Method
	4.1 NoWeaver Baseline
	4.2 Overview of DimWeaver's core optimizations
	4.3 DimWeaver
	4.4 Kinematic Grouping
	4.5 Binary Representation of Output
	4.6 Decompression Algorithm
	4.7 Long-running Trajectories and Updates
	4.8 Extensions to the basic algorithm

	5 Experimental Evaluation
	5.1 Experimental Setup and Data
	5.2 Compression Ratio Comparison
	5.3 Trajectory Compression Time
	5.4 Trajectory Decompression Time
	5.5 Quality of Reconstructed Trajectories
	5.6 Compression of 3D trajectories
	5.7 Comparison with Query-Driven Approaches
	5.8 Online Extension of Simplified Trajectories

	6 Related Work
	7 Conclusions
	References

	3802041
	Abstract
	1 Introduction
	2 Background and Related Work
	2.1 Denial Constraints
	2.2 Field Programmable Gate Array (FPGA)

	3 The DCArray Processing Unit
	3.1 Overview
	3.2 Predicate Space Construction
	3.3 DC Enumeration
	3.4 Data Movement

	4 Experimental Evaluation
	4.1 Setup
	4.2 Performance Comparison
	4.3 Varying Dataset Size and Number of Attributes
	4.4 Cost Efficiency Comparison

	5 Conclusion
	Acknowledgments
	References

	3802042
	Abstract
	1 Introduction
	2 Background
	2.1 Differential Privacy
	2.2 SJA Queries with User-Level DP
	2.3 Existing Solutions

	3 DP-S4S for Scalar Queries
	3.1 Sample and Truncate
	3.2 Truncation Threshold Selection
	3.3 Utility Analysis
	3.4 DP-S4S for Approximate DP

	4 DP-S4S for Vector Queries
	4.1 Smooth Sensitivity Mechanism for Rényi DP
	4.2 DP-S4S for Vector Queries

	5 Experiments
	5.1 Setup
	5.2 Comparison on Scalar Queries
	5.3 Comparison on Vector Queries
	5.4 Parameter Study

	6 Conclusion
	Acknowledgments
	References

	3802043
	Abstract
	1 Introduction
	2 Background and Related Work
	2.1 Basic Structures
	2.2 Dynamic Filters

	3 Problem Statement and Design Goals
	3.1 Problem Statement
	3.2 Our Goal

	4 The Dynamic Flat Filter Framework
	4.1 Main Idea
	4.2 Architecture and Workflow
	4.3 Framework Compatibility Interface
	4.4 Design Features of Lookup Table
	4.5 Fingerprint Growth Strategy
	4.6 Filter Operations
	4.7 Scaling Mechanism

	5 Performance Analysis
	5.1 Memory Footprint
	5.2 False Positive Rate
	5.3 Time Cost

	6 Performance evaluation
	6.1 Experimental Settings
	6.2 Parameter Evaluation
	6.3 Operation Performance
	6.4 Maximum Operation Blocking Duration
	6.5 Operation Time Breakdown
	6.6 Execution Time Under Mixed Operations
	6.7 False Positive Rate (FPR)
	6.8 Memory Footprint
	6.9 Fingerprint Length Sensitivity
	6.10 Throughput on Skewed Datasets

	7 Discussion
	8 Conclusion
	Acknowledgments
	References

	3802044
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem definition
	2.2 The QP formulation of the ADS problem
	2.3 The first-order optimization problem

	3 Analysis of SOTA Algorithms
	3.1 Review of the state-of-the-art methods
	3.2 In-depth analysis of the SOTAs

	4 PGD-based ADS algorithm
	4.1 A new QP formulation for the ADS problem
	4.2 Our PGD-based algorithm

	5 Our graph reduction technique
	5.1 A k-rcore-based graph reduction technique
	5.2 Efficiently estimating the lower bound of R*

	6 Our PASTA and PASTA-Exact algorithms
	7 Experiments
	7.1 Setup
	7.2 Efficiency results
	7.3 Effectiveness results
	7.4 Sensitivity analysis
	7.5 Memory usage and scalability

	8 Related works
	9 Conclusions
	Acknowledgments
	References

	3802045
	Abstract
	1 Introduction
	2 Preliminaries and Analysis
	2.1 Existing On-disk Graph-based Indexes
	2.2 Roofline Model Analysis

	3 Index Layout of Laser
	3.1 Technical Challenges
	3.2 SIMD-friendly Layout of Laser
	3.3 Node Caching Scheme in Laser

	4 Search Strategy in Laser
	4.1 Cluster-based Entry Point Selection
	4.2 Adaptive Beam Expansion Strategy
	4.3 Early Dispatch Mechanism

	5 Experimental Evaluation
	5.1 Experimental Setup
	5.2 Overall Performance Evaluation
	5.3 Effectiveness Study

	6 Related Work
	7 Conclusion
	References

	3802046
	Abstract
	1 Introduction
	2 Background and Motivation
	3 System Overview
	4 Query Optimizer Design
	5 Query Processor Design
	6 Implementation
	7 Evaluation
	7.1 Microbenchmarks
	7.2 End-to-End Benchmark
	7.3 Ablation Study
	7.4 Sensitivity Analysis
	7.5 Overhead Analysis
	7.6 Case Study

	8 Related Work
	9 Limitations and Future Work
	10 Conclusion
	References

	3802047
	Abstract
	1 Introduction
	2 Preliminary and problem formulation
	2.1 Problem formulation

	3 Warm-up: search space, pre-prunings and baselines
	3.1 Search space and pre-pruning
	3.2 Schema level order fixed approach
	3.3 Sparsity aware data level ordering
	3.4 Discussion

	4 Jigsaw based approach
	4.1 Jigsaw baseline: filtering by incident edges
	4.2 Jigsaw: filtering by bags of subgraphs
	4.3 Strategy for creating optimal bags: stars
	4.4 Last piece of the Jigsaw

	5 Experimental studies
	6 Related works
	7 Conclusion
	Acknowledgments
	References

	3802048
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 Background
	2.2 Motivation

	3 Sibling-centric elimination
	3.1 Homogeneous Sibling Nodes
	3.2 Merging-based Subtree Collapse

	4 Ancestor-centric Elimination
	4.1 Implicative Ancestor Nodes
	4.2 Sliding-based Subtree Recombination

	5 Random Forest Predicate
	6 System Implementation
	7 Experimental Studies
	7.1 Experimental Setting
	7.2 Efficiency of Sibling-Centric Elimination
	7.3 Efficiency of Ancestor-Centric Elimination
	7.4 Accuracy of Random Forest Predicate
	7.5 Discussion

	8 Limitations and Future Work
	9 Related Work
	10 Conclusion
	Acknowledgments
	References

	3802049
	Abstract
	1 Introduction
	2 Preliminaries
	3 CONE Model
	3.1 Encoder
	3.2 Embeddings for Numerical Values
	3.3 Composite Embedding Structure

	4 Datasets
	5 Analysis of Distance
	5.1 Analytic Distance Metrics
	5.2 CONE Embedding Components

	6 Experimental Evaluations
	6.1 Experimental Setup
	6.2 Numerical Reasoning
	6.3 Column and Tuple Matching
	6.4 Ablation Study
	6.5 Challenging Cases

	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802050
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 Background
	2.2 Motivation

	3 Join-based Encoder Translation 
	3.1 Translation for Single Encoder
	3.2 Translation for Cross-chain Encoders

	4 Translation Plan Selection
	4.1 Translation Plan Selection Problem
	4.2 Dynamic Programming-based Selection
	4.3 Priority-based Plan Selection

	5 EncoderForge Architecture
	6 Experimental Evaluation
	6.1 Experimental Setting
	6.2 Effectiveness of Join-based Translation
	6.3 Efficiency of Translation Plan Selection
	6.4 Discussion

	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802051
	Abstract
	1 Introduction
	2 Related Work
	2.1 LSH-based methods
	2.2 Graph-based methods
	2.3 Other Methods

	3 Preliminaries
	3.1 Problem Definition
	3.2 Locality Sensitive Hashing based Methods

	4 Motivation
	4.1 Norm Domination
	4.2 Norm Domination in Real Datasets
	4.3 The Effect of Norm Domination on APG

	5 The Norm-Adaptive Partitioning Framework
	5.1 Norm-Adaptive Partitioning Scheme
	5.2 Practical NAP Implementation

	6 NAP-based AMIPS Query
	6.1 A NAP-based Hybrid Index: HT-NSW
	6.2 NAP-based AMIPS Query Algorithm

	7 Complexity Analysis
	8 Experiments
	8.1 Experimental Settings
	8.2 Self Evaluation of NAP
	8.3 Self Evaluation of HT-NSW on AMIPS
	8.4 The Complexity of HT-NSW and HNSW
	8.5 Comparison of HT-NSW with Baselines

	9 Conclusion
	Acknowledgments
	References

	3802052
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 Challenges in Multi-leader Replication
	2.2 Toward Unified Protocols
	2.3 Asynchronous Consensus

	3 Minerva's Design
	3.1 System Architecture and Assumptions
	3.2 Optimistic Local Execution
	3.3 Asynchronous Replication
	3.4 Global Epoch Commit
	3.5 Validation and Deterministic Re-execution
	3.6 Detecting Conflicting Transactions
	3.7 Correctness

	4 Implementation
	5 Evaluation
	5.1 Experimental Setup
	5.2 Benchmarks and Metrics
	5.3 Effects of Cross-replica Network Latency
	5.4 Scalability
	5.5 Contention Analysis
	5.6 Fault Tolerance
	5.7 Performance Breakdown
	5.8 Epoch Time
	5.9 Observations and Discussion

	6 Related Work
	7 Conclusions
	Acknowledgments
	References

	3802053
	Abstract
	1 Introduction
	2 Background
	3 Approach
	3.1 Approach Overview
	3.2 Statement Generation
	3.3 Error Validation
	3.4 Result Comparison

	4 Evaluation
	4.1 Effectiveness
	4.2 Selected Bugs
	4.3 Compared with Other Approaches
	4.4 Ablation Study

	5 Discussion
	6 Related Work
	7 Conclusion
	Acknowledgments
	References

	3802054
	Abstract
	1 Introduction
	2 Background and Related Work
	3 Motivation
	3.1 Linear Algebra based Execution Model
	3.2 Deficiency of Monolithic Function Architecture
	3.3 Implication for System Design

	4 FaaSBoard Overview
	5 Graph Loading and Communication
	5.1 Image-based Graph Loading
	5.2 Proxy-based Collective Communication

	6 Graph Processing and Partitioning
	6.1 2D Balanced Graph Partitioning
	6.2 Proactive Terminate-and-Respawn

	7 Implementation
	8 Evaluation
	8.1 Setup
	8.2 Overall Comparison
	8.3 Detailed Evaluation
	8.4 Trace Analysis
	8.5 Performance under Different Graph Orderings

	9 Conclusion and Future Work
	Acknowledgments
	References

	3802055
	Abstract
	1 Introduction
	1.1 Existing Vectorized Approaches
	1.2 Contributions

	2 Background
	2.1 Vectorized Execution
	2.2 Factorized Query Processing
	2.3 Semantic LLM Operators

	3 System Overview
	4 Packed Factorized Vectors
	4.1 Vector Representation

	5 Query Execution
	5.1 Join Evaluation
	5.2 Cascade Update

	6 Factorized Semantic Processing
	6.1 Semantic Operator Model
	6.2 Windowing Over Factorized Intermediates
	6.3 Structure-Aware Prompt Serialization

	7 Evaluation
	7.1 Setup
	7.2 Factorization and Vectorization Benefits
	7.3 End-to-End Join Benchmark Evaluation
	7.4 Multi-core Scalability
	7.5 Evaluation of Factorized Semantic Processing

	8 Conclusion
	Acknowledgments
	References

	3802056
	Abstract
	1 Introduction
	1.1 Motivation
	1.2 Applications
	1.3 Technical Contributions

	2 Preliminary
	2.1 Data Model
	2.2 Count-Min Sketch
	2.3 Fairness: Equal Expected Approximation Factor
	2.4 Problem Formulation
	2.5 Solution Overview

	3 Fair-Count-Min using Group-Aware Semi-Uniform Hashing
	3.1 d=1
	3.2 General Value of d
	3.3 Negative Result: Row Partitioning Baseline
	3.4 Generalization to Multiple Arbitrary Groups
	3.5 Estimating Group Sizes

	4 Computing The Column Widths
	5 Price of Fairness Analysis
	5.1 d=1
	5.2 General Value of d

	6 Experiments
	6.1 Evaluation Plan
	6.2 Datasets
	6.3 Baselines
	6.4 Experiments Settings
	6.5 Validation: Unfairness Evaluation
	6.6 Price of Fairness Evaluation
	6.7 Efficiency Evaluation
	6.8 Validating Group Columns Allocation

	7 Related Work
	8 Discussions
	8.1 Detecting Heavy Hitters
	8.2 Intersectional Fairness
	8.3 Dynamic Settings

	9 Conclusion
	References

	3802057
	Abstract
	1 Introduction
	1.1 Fair Data Pre-Processing in the Wild
	1.2 Contributions

	2 Preliminaries
	2.1 Causal DAGs
	2.2 Justifiable Fairness
	2.3 Latent Model and Identifiability
	2.4 Information Measures

	3 Problem Statement
	4 LatentPre
	4.1 Latent-Augmented Fairness Policy
	4.2 DAG Refinement
	4.3 The Complete Framework

	5 Algorithmic Design and Analysis
	5.1 Identifiability Analysis
	5.2 Identification of Ic
	5.3 Partition of Ic
	5.4 Parameter Estimation

	6 Experiments
	6.1 Setup
	6.2 End-to-End Performance Evaluation
	6.3 Missing Relationship Recovery
	6.4 Verifying Latent–Sensitive Independence
	6.5 Parameter Analysis
	6.6 Runtime Evaluation

	7 Related Work
	8 Conclusion
	References

	3802058
	Abstract
	1 Introduction
	2 Preliminary
	2.1 Notations
	2.2 Graph Related Concepts
	2.3 Problem Definition
	2.4 Existing Algorithms

	3 New formulation for BD
	4 A Backward Push Algorithm
	4.1 High-level Ideas
	4.2 The BackPush Algorithm
	4.3 Theoretical Analysis

	5 Algorithm via Random Walks
	5.1 Novel Interpretations
	5.2 The FastWalk Algorithm and Analysis

	6 Algorithm via Spanning trees
	6.1 A Tree-based Estimator
	6.2 Optimizations
	6.3 The FastTree Algorithm and Analysis

	7 Experiments
	7.1 Experimental Setting
	7.2 Results on Real-world Networks
	7.3 Results on Model Networks
	7.4 Parameter Sensitivity Analysis

	8 Related Work
	9 Conclusion
	References

	3802059
	Abstract
	1 Introduction
	2 Related Work
	2.1 GNAS Algorithms
	2.2 Parallel GNAS Frameworks
	2.3 Other Parallel Frameworks

	3 Preliminaries
	4 Hybrid Parallelism and Batch Scheduling
	4.1 System Overview
	4.2 Hybrid Parallel Framework with Ring-Based Model Migration
	4.3 Probabilistic Batch Sharing Optimization

	5 Fine-Grained Partitioning-Based Load Balancing Strategy
	5.1 Workload Estimation for GNN Architectures
	5.2 Load-Aware Task Scheduling
	5.3 Exploratory Task Generation

	6 Theoretical Analysis
	7 Experiments
	7.1 Experimental Setup
	7.2 Overall Comparison of Architecture Search
	7.3 Speedup Comparison and Time Breakdown
	7.4 Memory Utilization and Search Time
	7.5 Ablation Study and Scalability Test
	7.6 Analysis on Load Estimator

	8 Conclusion
	Acknowledgments
	References

	3802060
	Abstract
	1 INTRODUCTION
	2 PRELIMINARY AND BACKGROUND
	2.1 Definition
	2.2 Hierarchical Navigable Small World (HNSW)
	2.3 Variants for filtered ANNS

	3 FAVOR
	3.1 Key idea
	3.2 Design of FAVOR

	4 SELECTIVITY-DRIVEN SEARCH SELECTOR
	4.1 Selector Design by Selectivity
	4.2 Selectivity Estimation

	5 FAVOR SEARCH ALGORITHM
	5.1 Basic Idea
	5.2 Search Workflow
	5.3 Exclusion Distance Determination
	5.4 Termination Condition Optimization

	6 EVALUATION
	6.1 Experimental Setup
	6.2 Performance Evaluation
	6.3 Index Construction
	6.4 Ablation Study
	6.5 Verification Test

	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802061
	Abstract
	1 Introduction
	2 Background
	3 Design of SCor
	3.1 Representative Short-Circuit Patterns
	3.2 Skeleton Construction and Transformation
	3.3 Query Generation and Mutation
	3.4 Performance Checking

	4 Implementation
	5 Evaluation
	5.1 Testing Setup
	5.2 Detection Capability
	5.3 Pattern Analysis
	5.4 Comparative Evaluation

	6 Discussion
	7 Related Work
	8 Conclusion
	References

	3802062
	Abstract
	1 Introduction
	1.1 Motivation
	1.2 Contribution

	2 Preliminaries
	2.1 Problem Definition
	2.2 Interval Tree

	3 FIRAS for Static Interval Data
	3.1 Data Structures
	3.2 Independent Range Sampling
	3.3 Range Search
	3.4 Seamless Property
	3.5 Generalization

	4 FIRAS for Evolving Interval Data
	4.1 Data Structures
	4.2 EDIT: Evolving Domain Interval Tree
	4.3 Independent Range Sampling
	4.4 Range Search
	4.5 General Update Support

	5 Experimental Evaluation
	5.1 Setup
	5.2 Static Data Case
	5.3 Evolving Interval Data Case

	6 Related Work
	6.1 Interval Search
	6.2 Independent Range Sampling

	7 Conclusion
	Acknowledgments
	References

	3802063
	Abstract
	1 Introduction
	1.1 Motivation
	1.2 Challenge
	1.3 Intuition
	1.4 Contribution

	2 Related Work
	2.1 Lossless Compression for Time Series
	2.2 Frequency-based Lossy Compression

	3 Preliminaries
	3.1 Discrete Fourier Transform (DFT)
	3.2 Uniform Quantization

	4 The FLEA Methodology
	4.1 FLEA Overview
	4.2 Encoding the Frequency Component
	4.3 Encoding the Residual Component
	4.4 FLEA Encoding

	5 Experimental Evaluation
	5.1 Experimental Setup
	5.2 Overall Performance Comparison
	5.3 Automatic Parameter Determination
	5.4 Ablation Studies
	5.5 Periodicity Stress Tests
	5.6 Coefficient Order Analysis

	6 Deployment in Apache TsFile
	6.1 Native Encoder Integration
	6.2 End-to-End Throughput Evaluation

	7 Conclusion
	Acknowledgments
	References

	3802064
	Abstract
	1 Introduction
	2 Related Work
	3 Problem Definition
	4 Algorithmic challenges
	5 Problem Analysis
	6 Geld
	7 Experimental Evaluation
	7.1 Runtime
	7.2 Memory Consumption
	7.3 Application Studies

	8 Conclusion
	Acknowledgments
	References

	3802065
	Abstract
	1 Introduction
	2 Related Work
	2.1 Single-Vector ANN Search
	2.2 Multi-Vector ANN Search

	3 Preliminary
	3.1 Problem Definition
	3.2 A Baseline Solution

	4 GEM
	4.1 Set-Level Clustering
	4.2 Metric Decoupling and Quantization
	4.3 Graph Construction
	4.4 Graph Enhancement 
	4.5 Query Processing
	4.6 Index Maintenance

	5 Experiments
	5.1 Experimental Settings
	5.2 Performance Analysis
	5.3 Ablation Study
	5.4 Further Analysis

	6 Conclusion
	Acknowledgments
	References

	3802066
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Statement
	2.2 Existing Solutions

	3 Solution
	3.1 Overview
	3.2 Structure- and Content-Aware Blocking
	3.3 Adaptive Connector
	3.4 Hierarchical Reasoning Matching

	4 Experiments
	4.1 Experimental Setup
	4.2 End-to-End Matching Effectiveness
	4.3 Efficiency Analysis
	4.4 Blocking Module Evaluation
	4.5 Adaptive Matching and Connector Analysis
	4.6 Hierarchical Reasoning Matching Analysis
	4.7 Backbone Model Analysis

	5 Related Work
	6 Conclusion
	Acknowledgments
	References

	3802067
	Abstract
	1 Introduction
	2 Preliminary
	2.1 Basic Concepts
	2.2 Problem Formulation

	3 Framework Overview
	4 Hierarchical Clustering
	4.1 Trajectory Feature Extraction
	4.2 Cluster Tree Index Construction

	5 MCTS-based Trajectory Selection
	5.1 Cluster Node Traversal Policy Modeling
	5.2 MCTS-based Policy Learning

	6 Weighted Learning
	7 Experiment
	7.1 Experimental Setup
	7.2 Effectiveness Evaluation
	7.3 Ablation Study
	7.4 Efficiency Evaluation
	7.5 Evaluation on Hyperparameters
	7.6 Impact of Trajectory Characteristics

	8 Related Work
	9 Conclusions and Discussions
	Acknowledgments
	References

	3802068
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Assumptions and Notations
	2.2 Privacy Notions
	2.3 Gaussian Mechanism
	2.4 Gaussian Pancake Distribution

	3 Problem Setup
	3.1 Threat Model
	3.2 Undetectability of Backdoor

	4 Analysis on the Statistical Privacy Leakage to the BPA
	4.1 Lower Bound
	4.2 Upper Bound

	5 Distinguishing Attacks
	6 Mitigations
	6.1 Random Rotation
	6.2 Verifiable DP

	7 Experiments
	7.1 Experiments on Distinguishing Attacks
	7.2 Additional Experiments

	8 Related Work
	9 Conclusion
	Acknowledgments
	References

	3802069
	Abstract
	1 Introduction
	2 Background for Disk-based ANNS
	3 Observations and Insights
	3.1 Accuracy of the Compressed Vectors
	3.2 Demand for the Exact Vectors
	3.3 Contents of the Memory Cache
	3.4 Format of the Disk Block

	4 The GPS System
	4.1 Graph-vector Decoupled Storage Layout
	4.2 Two-stage Search Algorithm
	4.3 Asynchronous Block Prefetch

	5 Experimental Evaluation
	5.1 Experiment Settings
	5.2 Main Results
	5.3 Micro Experiments

	6 Related Work
	7 Conclusion
	References

	3802070
	Abstract
	1 Introduction
	2 Background
	2.1 Ray Tracing
	2.2 Graph Analytics

	3 Related Work
	3.1 Graph Analytics
	3.2 Hardware-accelerated Ray Tracing

	4 Unified Graph Model for Ray Tracing
	4.1 Model Decisions
	4.2 From Graph to Geometric Primitives
	4.3 BVH Construction
	4.4 Queries as Rays
	4.5 RT Pipeline
	4.6 Updates

	5 GraphRTX: RT-Accelerated Graph Analytics
	5.1 Memory Management & Multi-GPU
	5.2 Cooperative Execution

	6 Evaluation & Discussion
	6.1 Model
	6.2 Analytics
	6.3 Updates
	6.4 Efficiency & Limitations

	7 Conclusion
	References

	3802071
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Large Language Models (LLMs)
	2.2 Pipeline of RAG
	2.3 Problem definition
	2.4 Analysis of HPO-based RAG Tuning

	3 Our HAMMER Approach
	4 Query selection
	4.1 The query selection problem
	4.2 Our query selection algorithm

	5 Hierarchical MEMORY-GUIDED MONTE CARLO TREE SEARCH
	5.1 MCTS for RAG tuning
	5.2 The Hierarchical Graph Memory
	5.3 The MG-MCTS Algorithm

	6 Experiments
	6.1 Setup
	6.2 Comparison with the existing methods
	6.3 Detailed analysis of HAMMER

	7 Related works
	8 Conclusions
	Acknowledgments
	References

	3802072
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Statement
	2.2 Privacy Definitions
	2.3 PrivSyn

	3 HeteroFedSyn
	3.1 Overview
	3.2 Workflow of HeteroFedSyn

	4 Building Blocks
	4.1 Marginal Sharing
	4.2 Dependency Measurement
	4.3 Marginal Selection & Data Synthesis
	4.4 Privacy Budget Allocation

	5 Complexity Analysis
	6 Evaluation
	6.1 Setup
	6.2 Analysis of Experimental Results

	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802073
	Abstract
	1 Introduction
	2 Background
	2.1 Affinity Scheduling In Cloud Databases
	2.2 Consistent Hashing for Affinity Scheduling
	2.3 HotHash Objectives

	3 HotHash Overview
	3.1 Query Scheduling with HotHash
	3.2 Design Considerations

	4 The HotHash Techniques
	4.1 The Overall Process of HotHash
	4.2 Range Hashing
	4.3 Virtual Hash Ring
	4.4 Handling Node Removals and Additions

	5 Theoretical Analysis
	5.1 Notation
	5.2 Bound on Workload Imbalance and Cache Hit rate
	5.3 HotHash Is Better In Theory

	6 Experiments
	6.1 Experiment Setup
	6.2 Evaluation With Varying Workloads
	6.3 Evaluation With Dynamic Workloads
	6.4 HotHash Overhead
	6.5 Ablation Study
	6.6 Varying Parameters

	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802074
	Abstract
	1 Introduction
	2 Preliminaries and Related Work
	2.1 Preliminaries
	2.2 Related Work

	3 Motivation and Problem Formulation
	3.1 Normalization: A Holy Grail Problem
	3.2 A Hierarchical TSAD Approach

	4 HYDRA: Proposed Approach
	4.1 Overview
	4.2 Group Building
	4.3 Representative Selection
	4.4 Per-level Score Computation
	4.5 Score Aggregation
	4.6 HYDRA at Scale: An Approximate Solution
	4.7 HYDRA for Multivariate Time Series

	5 Experimental Evaluation
	5.1 Experimental Setup
	5.2 Overall Accuracy Evaluation
	5.3 Evaluation Across Domains
	5.4 Normalization Impact
	5.5 Ablation Study
	5.6 Scalability Evaluation
	5.7 Limitations and Future Work
	5.8 Key Takeaways

	6 Conclusion
	References

	3802075
	Abstract
	1 Introduction
	2 Related Work
	3 Problem Formulation
	3.1 Partitions
	3.2 Problem Statement

	4 Quill
	4.1 Overview
	4.2 Partition Representations
	4.3 OPS as a Markov Decision Process Problem
	4.4 Solving OPS-MDP via Monte Carlo Control
	4.5 Special Case: Single-Attribute OPS-MDP
	4.6 Tuning Hyperparameters

	5 Instantiations of Utility and Interpretability
	5.1 Measuring Interpretability
	5.2 Measuring Usefulness

	6 Experimental Evaluation
	6.1 Setup
	6.2 Experimental Results
	6.3 Deeper Dive: Case Analysis

	7 Conclusions and Future Work
	Acknowledgments
	References

	3802076
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 IEEE 754 Floating-Point Format
	2.2 Definitions

	3 Kangaroo
	3.1 Overview
	3.2 Cost Model of Reference
	3.3 Pruning-Based Encoding

	4 Dynamic Reference Search
	5 Bit-Flip-Based Erasure
	6 Experiments
	6.1 Datasets and Experimental Settings
	6.2 Compression Ratio
	6.3 [De]compression Speed
	6.4 Ablation Study of Core Modules
	6.5 Cross-Algorithm Evaluation of Kangaroo Components
	6.6 Impact of Batch Size on Performance

	7 Related Work
	7.1 General Compression Algorithms
	7.2 Floating-Point Specialized Compression Algorithms

	8 Conclusion and Future Work
	Acknowledgments
	References

	3802077
	Abstract
	1 Introduction
	2 Background & Related Work
	2.1 KV Cache Basics
	2.2 Sparse Attention
	2.3 KV Cache Offloading

	3 Motivation
	4 System Overview
	5 Attention-Based Cache Management
	5.1 Sliding Window w/ Lookahead Eviction
	5.2 2D Window Scaling

	6 Elastic Pipeline Scheduling
	6.1 SFC Disaggregation
	6.2 Pipeline Optimization
	6.3 Performance Analysis via Roofline Model

	7 Coordinated Multi-Tier KV Storage
	7.1 Importance-Guided Warm-Up
	7.2 SSD-Aware Layout Planning
	7.3 Parallel Sparse Synchronization

	8 Implementation
	9 Experiment
	9.1 Experimental Setup
	9.2 Overall Improvement
	9.3 Micro Benchmark

	10 Conclusion
	11 Future Work
	Acknowledgments
	References

	3802078
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 GPU-Centric Analytics and Its Demands
	2.2 Learned Compression and The Conflict with Legacy Formats
	2.3 Design Challenges

	3 The L3 Format
	3.1 Overview
	3.2 L3 SLAP Layout
	3.3 L3 Format Reading: Warp-Cooperative Learned Decompression
	3.4 L3 Format Writing: GPU-Native Learned Compression Pipeline

	4 Implementation
	5 Evaluation
	5.1 Experimental Setup
	5.2 End-to-End Performance Analysis
	5.3 End-to-End System Evaluation on SSB
	5.4 Format Trade-off Analysis

	6 Related Work
	7 Conclusion
	Acknowledgments
	References

	3802079
	Abstract
	1 Introduction
	2 Background and Objectives
	2.1 Inverted Index Compression
	2.2 Learned Inverted List Compression
	2.3 Design Objectives

	3 LICO Workflow
	4 Data-Aware Error Bound Configuration
	4.1 Estimation of Required Segment Count
	4.2 Optimal Error Bound Configuration
	4.3 Data-Aware List Partitioning

	5 LICO Compression Workflow
	5.1 Error Scaling and Block Merging
	5.2 Segment Fitting and Encoding
	5.3 Residuals Encoding
	5.4 Discussion of LICO's Extension

	6 LICO Query Processing
	6.1 Memory Re-layout
	6.2 List Operator Implementation

	7 Evaluation and Discussions
	7.1 Experimental Setups
	7.2 Validation of Theoretical Results (Q1)
	7.3 Partition Algorithm Evaluation (Q2)
	7.4 Overall Performance Evaluation (Q3)
	7.5 Query Processing Evaluation (Q4)
	7.6 SIMD Effectiveness Evaluation (Q5)
	7.7 Sensitivity Evaluation (Q6)
	7.8 Summary of Results

	8 Related Work
	9 Conclusion
	10 Acknowledgments
	References

	3802080
	Abstract
	1 Introduction
	2 Challenges and Related Work
	3 LINE Overview
	4 Group-Enhanced Leaf Nodes
	4.1 Leaf Node with Variable-Sized Groups
	4.2 Leaf Index Operations without SMOs
	4.3 Leaf SMOs with Group-Wise Migration

	5 Cache-Optimized Inner Tree
	5.1 Cache-Aware Error Bound Selection
	5.2 Skew-Tolerant Root Node
	5.3 Index Operations in Inner Tree

	6 Cost Analysis
	7 Performance Evaluation
	7.1 Experimental Setup
	7.2 Overall Performance
	7.3 Benefits of Individual Techniques

	8 Conclusion and Discussion
	Acknowledgments
	References

	3802081
	Abstract
	1 Introduction
	2 Problem Formulation
	2.1 Refinements
	2.2 Local Stability
	2.3 -Local Stability

	3 Computing Local Stability
	4 Optimizations
	4.1 Reducing the Set of Reasonable Changes
	4.2 Reduce Re-ranking Cost
	4.3 Reduce Sampling for Bounded 

	5 Detecting Dense Regions
	6 Experiments
	6.1 Experimental Setup
	6.2 Case Studies
	6.3 Effect of Parameters
	6.4 Dense Region Detection
	6.5 Scalability & Optimizations
	6.6 Local vs. Global Ranking Stability

	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802082
	Abstract
	1 Introduction
	1.1 Motivation
	1.2 Our Contributions
	1.3 Related Work

	2 Preliminaries
	3 System Overview
	3.1 System Architecture
	3.2 Loom API and Workflow

	4 Security Properties of Loom
	4.1 Post-Compromise Security
	4.2 Formal Security Definition

	5 Details of Loom
	5.1 Design Principles and Core Mechanisms
	5.2 Data Indexing and Query Processing
	5.3 Security Analysis

	6 Supporting Dynamic Group Scenario
	7 Implementations and Evaluations
	7.1 Implementation
	7.2 Performance Evaluation

	8 Discussion
	Acknowledgments
	References

	3802083
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Definition
	2.2 Jaccard Similarity Estimation via Min-Hash
	2.3 Locality‐Sensitive Hashing (LSH) Framework for Jaccard Similarity

	3 The Framework
	4 Tight Interval Generation
	4.1 Single Hash Function
	4.2 Multiple Hash Functions

	5 Partitioning by Tight Intervals
	6 The LSHAlign Algorithm
	7 Experiment
	7.1 Evaluating Partition Generation Time
	7.2 Sensitivity Study
	7.3 Comparing with the State-of-the-Art
	7.4 Scalability

	8 Related Work
	9 Conclusion
	Acknowledgments
	References

	3802084
	Abstract
	1 Introduction
	2 Preliminary
	3 Baseline Solutions
	3.1 Online Computation
	3.2 The HDT Algorithm
	3.3 Other Related Work

	4 Our Approaches
	4.1 Index Foundations
	4.2 Our Index Structure

	5 Index Maintenance
	5.1 Edge Deletion
	5.2 Edge Insertion

	6 Performance Studies
	6.1 Update Efficiency
	6.2 Query Processing
	6.3 Index Size

	7 Conclusion
	Acknowledgments
	References

	3802085
	Abstract
	1 Introduction
	2 Related Work
	2.1 Learned Indexes
	2.2 Attacks on a Learned Index

	3 Problem Statement and Existing Attacks
	3.1 Problem Statement
	3.2 Existing Attacks

	4 Optimality of Single-Point Poisoning Attack
	5 Multi-Point Poisoning Attack
	5.1 Structure of Optimal Multi-Point Attacks
	5.2 Upper Bound on Impact of Optimal Multi-Point Poisoning Attacks
	5.3 Segment + Endpoint Attack

	6 Experimental Evaluation
	6.1 Experimental Setup
	6.2 Upper Bound vs Greedy Poisoning
	6.3 Greedy Poisoning vs Seg+E
	6.4 Running time Evaluation
	6.5 Ablation Study of n and R
	6.6 Detailed Analysis in Small-Scale Settings
	6.7 Impact of Poisoning on Lookup Time

	7 Discussion
	8 Limitations and Future Work
	9 Conclusion
	Acknowledgments
	References

	3802086
	Abstract
	1 Introduction
	2 Problem and Preliminaries
	3 The Branch-and-Bound Algorithms
	3.1 Overview of the Branch-and-bound Algorithms
	3.2 A Partition-based Framework: ParBB
	3.3 Implementation Details and Analysis

	4 Efficiency Boosting Techniques
	5 Experiments
	5.1 Experimental setup
	5.2 Experimental results

	6 Related Work
	7 Conclusion
	Acknowledgments
	References

	3802087
	Abstract
	1 Introduction
	2 Related Work
	3 Background Knowledge
	4 Problem Definition and Notations
	5 Design of Meep Hashing
	5.1 Core framework
	5.2 Meep collision types
	5.3 Type 1: local collisions
	5.4 Type 2: remote collisions
	5.5 Type 3: overflow collisions
	5.6 Resolving collision types 1, 2, 3
	5.7 Type 4: empty collisions
	5.8 Meep ultrafast lookup

	6 Optimizations and design choices
	6.1 Number of alternative buckets nb
	6.2 Number of slots in a bucket ns
	6.3 Digest length ld
	6.4 Probing size p
	6.5 Meep best practice

	7 Evaluations and Case Study
	7.1 Evaluation on MPH and MHT algorithms
	7.2 Evaluation on Meep configurations
	7.3 Evaluation on real-world datasets
	7.4 Case study

	8 Conclusion
	Acknowledgments
	References

	3802088
	Abstract
	1 Introduction
	2 Concurrency Control Design Space
	2.1 Conflict Detection
	2.2 Conflict Resolution
	2.3 State-of-the-Art Concurrency Control Algorithms

	3 NeurCC Overview
	3.1 Concurrency Control As a Learnable Function
	3.2 NeurCC Workflow
	3.3 Discussion

	4 NeurCC Execution
	4.1 State Collection and Selection
	4.2 Action Function
	4.3 Transaction Execution

	5 Learning Function and Feature Selector
	5.1 Learning Function Via Surrogate Model
	5.2 Pipeline-Wait Action Optimization via Learned Conflict Graph
	5.3 Function Optimization Pipeline
	5.4 Feature Selector Optimization

	6 Performance Evaluation
	6.1 Experimental Setup
	6.2 Stored Procedure Mode
	6.3 Interactive Transaction Mode
	6.4 Examples of Learned Actions

	7 Related Work
	8 Conclusions
	Acknowledgments
	References

	3802089
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Semi-Structured Document
	2.2 Semi-Structured Document Analysis
	2.3 Limitations of Existing Methods

	3 System Overview
	4 Document Preprocessing
	4.1 Local-Alignment Element Aggregation
	4.2 Format-Aware Hierarchy Relation Detection
	4.3 Template-Based Information Enrichment

	5 Tree-Based Document Modeling
	5.1 Component Correlation Tree
	5.2 Two-Stage Tree Construction
	5.3 Bottom-up Metadata Summarization.

	6 Tree-Based Document Analysis
	7 Micro Benchmark Preparation
	8 Experiments
	8.1 Experimental Setup
	8.2 Performance Comparison
	8.3 Fine-Grained Result Analysis
	8.4 API-Based LLM Cost Analysis
	8.5 Ablation Study
	8.6 Case Study

	9 Conclusion
	Acknowledgments
	References

	3802090
	Abstract
	1 Introduction
	2 Preliminaries & Related Work
	2.1 Background
	2.2 k-Shape Algorithm
	2.3 MTS Distance Measures
	2.4 MTS Clustering Algorithms

	3 Proposed UTS Clustering Method: FASA
	4 Proposed MUFASA Clustering Algorithms
	4.1 Multivariate SBD Extensions
	4.2 Multivariate FASA Centroid Update
	4.3 MUFASA Clustering Algorithm

	5 EXPERIMENTAL SETTINGS
	6 EXPERIMENTAL RESULTS
	6.1 Evaluation of Multivariate SBD
	6.2 MUFASA vs. Scalable Methods
	6.3 MUFASA vs. Non-Scalable Methods
	6.4 MUFASA vs. DNNs & Foundation Models
	6.5 Runtime Analysis of MUFASA
	6.6 Evaluation of FASA

	7 Conclusion
	References

	3802091
	Abstract
	1 Introduction
	2 Background
	2.1 Data and Workload Drift
	2.2 Diffusion Model

	3 Overview of NeurBench
	3.1 Drift Factor Modeling
	3.2 System Overview

	4 Controllable Drift Synthesis Framework
	4.1 Mapping Data and Workload Drift to Distribution Drift
	4.2 Theoretical Analysis
	4.3 Diffuser and Drifter Training
	4.4 Drift-aware Data and Workload Generation

	5 Implementation
	6 Experimental Setup
	6.1 Datasets and Workloads
	6.2 Evaluated Data Generators
	6.3 Evaluated Learned Components
	6.4 Evaluation Metrics
	6.5 Default Configuration

	7 Experimental Results
	7.1 Experiments on Drift Generator
	7.2 Experiments on Learned Query Optimizers under Synthetic Data Drift
	7.3 Experiments on Updatable Learned Indexes under Synthetic Data Drift
	7.4 Experiments under Workload Drift

	8 Related Work
	9 Conclusion
	Acknowledgments
	References

	3802092
	Abstract
	1 Introduction
	2 Preliminaries
	3 The Counting-Based Framework
	3.1 Overview
	3.2 Succinct Clique Tree
	3.3 Clique Path Index

	4 Updating the Clique Path Index
	4.1 Our General Update for r-Cliques
	4.2 Case r=2
	4.3 Case r=1
	4.4 Complexity.

	5 Hierarchy Construction
	6 Experimental Evaluation
	7 Related Work
	8 Conclusion and future work
	9 Acknowledgements
	References

	3802093
	Abstract
	1 Introduction
	2 Background
	2.1 LSM-based Key-Value Stores
	2.2 Disaggregated LSM-based Key-Value Stores
	2.3 Opportunities with Disaggregated Memory: A New Tier for Memtables

	3 Motivations and Challenges
	3.1 A Naive Solution
	3.2 Issues and Challenges

	4 O3-LSM
	4.1 Architecture Overview
	4.2 DM-Optimized MemTable
	4.3 Collaborative Flush offloading
	4.4 Shard-Level Optimizations
	4.5 Cache-Enhanced Read Delegation
	4.6 Fault Tolerance

	5 Evaluation
	5.1 Experimental Setup
	5.2 Overall Performance Evaluation
	5.3 Performance Breakdown Analysis
	5.4 Analysis of Real-World Application
	5.5 Scalability

	6 Related Work
	7 Conclusion
	References

	3802094
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 Hypergraph Pattern Mining Preliminaries
	2.2 UPMEM PIM Architecture
	2.3 Characterizing Hypergraph Pattern Mining
	2.4 Opportunities and Challenges

	3 Overview of Octopus
	4 Inter-DPU Coordination Framework
	4.1 Schedule-Based Compact Data Partitioning
	4.2 Load-Aware Balanced Task Assignment

	5 Intra-DPU Mining Engine
	5.1 Hyperedge-Level Candidate Generation
	5.2 Asynchronous Dataflow Execution Model

	6 Implementation
	7 Evaluation
	7.1 Experimental Setup
	7.2 Overall Performance
	7.3 Effectiveness of Optimizations in Octopus
	7.4 End-to-End Execution Time Breakdown
	7.5 Memory Overhead Analysis
	7.6 Scalability

	8 Related Work
	9 Conclusion
	Acknowledgments
	References

	3802095
	Abstract
	1 Introduction
	2 Problem Setting
	2.1 Problem Formulation

	3 OctoSelector: Pre-Processing 
	3.1  From Queries to Clusters
	3.2 Output Model Learner
	3.3 Profiling and Cluster Metric Table (CMT)

	4 OctoSelector: Inference with Batching Strategy
	4.1 Applicable Applications for Batching
	4.2 Batch Definition and Creation
	4.3 Batch based Metrics 
	4.4 LLM Assignment Problem

	5 Evaluation
	5.1 Experimental Setup
	5.2 Feasibility Regions
	5.3 Evaluation Results 
	5.4 Results of Model Selection
	5.5 Impact of Pre-processing Data Size
	5.6 Additional Analysis in Appendix

	6 Conclusion
	References

	3802096
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Learned Index
	2.2 Existing Learned Indexes
	2.3 Problem Definition
	2.4 Deep Reinforcement Learning

	3 Overview
	4 Design of SELIX
	4.1 Index Template and Design Space
	4.2 Learnable Function Formulation
	4.3 Function Training
	4.4 Online Execution
	4.5 Theoretical Analysis

	5 Implementation
	6 Evaluation
	6.1 Experimental Setup
	6.2 Overall Performance
	6.3 Micro Benchmarks
	6.4 End-to-end Performance of SELIX

	7 Conclusion
	Acknowledgments
	References

	3802097
	Abstract
	1 Introduction
	2 Background and Related Work
	2.1 Background
	2.2 Preliminaries
	2.3 Problem Statement

	3 Design and Implementation
	3.1 Data Structure for Index Construction
	3.2 Index Update for IOPE Queries

	4 Query Optimizations
	4.1 blackPrioritized Bucket Construction
	4.2 Adaptive Active Bucket Sizing

	5 Experiments
	5.1 Experimental Setup
	5.2 Efficiency
	5.3 Effectiveness

	6 Related Work
	7 Conclusion and Future Work
	Acknowledgments
	References

	3802098
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 Filtered ANN Search and Related Methods
	2.2 Characteristics of Filtered ANN Search
	2.3 Drawbacks of Existing Methods
	2.4 Measurement on Vector Database Systems

	3 PathSeer Overview
	3.1 Challenges and Solutions
	3.2 PathSeer Workflow

	4 Key Techniques
	4.1 Fusion Vector Indexing Scheme
	4.2 Dynamic Neighbor Traversal Strategy
	4.3 Heuristic Parameter Tuning Method

	5 Performance Evaluation
	5.1 Experimental Setup
	5.2 Overall Performance
	5.3 Effects of Individual Techniques
	5.4 Adaptivity to Workload Characteristics
	5.5 Index Overheads
	5.6 Sensitivity Analysis

	6 Related Work
	7 Conclusion
	Acknowledgments
	References

	3802099
	Abstract
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 Problem Definition
	3.2 Baseline

	4 Time-Deletion-Based Algorithms
	4.1 Basic TD Algorithm
	4.2 Index-based Optimization

	5 Vertex-Deletion-Based Algorithms
	5.1 Basic VD Algorithm
	5.2 Optimizations

	6 Experimental Evaluation
	6.1 Experimental Settings
	6.2 Effectiveness Evaluation
	6.3 Efficiency Evaluation
	6.4 Case Study

	7 Conclusion
	Acknowledgments
	References

	3802100
	Abstract
	1 Introduction
	1.1 Motivation and Contributions

	2 Background
	2.1 Existing Works
	2.2 Preliminaries

	3 Methodology
	3.1 PJsim: Direct Closed-Form Approach
	3.2 PJsim: Neumann Series Approximation
	3.3 PJsim: Closed Form Solution via Eigenvalue Decomposition
	3.4 PJsim: Closed Form Solution via Bartels-Stewart Algorithm

	4 Implementation and Evaluation
	4.1 Platform
	4.2 Dataset
	4.3 Experimental Results
	4.4 Case Study
	4.5 Discussion

	5 Conclusion
	References

	3802101
	Abstract
	1 Introduction
	2 Problem Statement
	3 Solution Overview
	4 Shredded Random-Access Indexing
	4.1 Chained Shredding
	4.2 Unchained Shredding

	5 Position sampling
	6 Experimental Evaluation
	6.1 Uniform Sampling
	6.2 Poisson Sampling
	6.3 Chained vs. unchained

	7 Related Work
	8 Conclusions
	Acknowledgments
	References

	3802102
	Abstract
	1 Introduction
	2 Preliminaries
	3 Problem and Solution Overview
	3.1 Problem Statement
	3.2 Solution Overview

	4 Model Fine-Tuning and Data Synthesis
	5 Knowledge Transfer via Tuple Distillation
	5.1 Overview of Tuple Distillation
	5.2 Token Pruning with Tries
	5.3 Data Dependent DP Mechanism
	5.4 Probabilistic Sampling with Threshold Filtering

	6 Data Privacy Analysis
	6.1 Sensitivity Bounds
	6.2 Per-round and Composed RDP Analysis
	6.3 End-to-End Privacy Guarantee

	7 Evaluation
	7.1 Evaluation Setup
	7.2 Evaluation

	8 Related Work
	9 Conclusion
	References

	3802103
	Abstract
	1 Introduction
	2 Preliminaries
	3 Our Unified Index-based Framework
	3.1 A Unified Query Formulation
	3.2 Our Index-based Solution: AF-3DT
	3.3 An Advanced Index-based Solution: AF-BTAS
	3.4 Summary and His-CSM Query Instances

	4 Experiments
	4.1 Experiments for Historical-CC Queries
	4.2 Experiments for Historical-Core Queries

	5 Related Work
	6 Conclusion
	Acknowledgments
	References

	3802104
	Abstract
	1 Introduction
	2 Background & Related Work
	3 Tiered Storage Systems & Challenges
	4 A Primer on RL for Tiered Storage
	5 ReStore Tiered Storage Management
	5.1 States, Actions, and Rewards
	5.2 Value Function Representation
	5.3 Mapping the Page Migration problem
	5.4 Updating Value Function
	5.5 Temperature Model

	6 Experimental Evaluation
	6.1 Experimental Methodology
	6.2 Experimental Analysis

	7 Conclusion
	Acknowledgments
	References

	3802105
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Text-to-SQL
	2.2 Common Table Expressions (CTEs)
	2.3 Design of CoCTE
	2.4 Rewards in Reinforcement Learning

	3 Overview of Reward-SQL
	4 Cold Start for CoCTE Policy Model
	5 Process Reward Design
	5.1 Motivation and Formulation
	5.2 Trajectory Score Model
	5.3 Inverse Entropy Weight
	5.4 Summary and Example
	5.5 Decomposition Quality Analysis

	6 Process-Supervised RL and Inference
	6.1 Process-Supervised RL Training
	6.2 Process-guided Inference

	7 Experiments
	7.1 Experimental Setup
	7.2 Main Results: Comparison with Text-to-SQL Baselines
	7.3 Generalization Study
	7.4 Training Stability Analysis
	7.5 Ablation Studies
	7.6 Computational Cost Analysis
	7.7 Error Analysis

	8 Related Work
	9 Conclusions
	Acknowledgments
	References

	3802106
	Abstract
	1 Introduction
	2 System Overview
	2.1 Workload Specification
	2.2 System Architecture
	2.3 Core Challenges

	3 Query-Aware Model Training
	3.1 Desirable Distribution on Decision Scores
	3.2 A Contrastive Learning-based Approach

	4 Model Cascade
	4.1 Problem Formulation
	4.2 Ad-hoc Calibration
	4.3 Threshold Selection
	4.4 Theoretical Guarantee for Accuracy

	5 Implementation Details
	6 Evaluation
	6.1 Experimental Setup
	6.2 End-to-End Performance
	6.3 Accuracy Analysis
	6.4 Ablation for Proxy Model Training
	6.5 Validation of the Cascade Mechanism
	6.6 Latency Analysis of the Data Skewness
	6.7 Stress-Testing on Complex Queries
	6.8 Impact of Hyperparameters

	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802107
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 LLM Serving Basics
	2.2 Existing Systems for Hybrid LLM Serving Loads
	2.3 Interference between LS and BE Services
	2.4 Hybrid Serving: Opportunities and Challenges

	3 OmniServe System
	3.1 Overview of OmniServe
	3.2 Attention Piggybacking
	3.3 Online Scheduling for Hybrid Loads

	4 System Implementation
	5 Experimental Evaluation
	5.1 Experiment Setup
	5.2 End-to-end Performance
	5.3 Effectiveness of Attention Piggybacking
	5.4 Ablation Study

	6 Discussion
	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802108
	Abstract
	1 Introduction
	2 Problem Formulation
	3 Casting SALTO to Maximum Common Subhypergraph
	3.1 Table-to-Hypergraph Formulation
	3.2 A New Problem: Maximum Common Subhypergraph
	3.3 Establishing Problem Equivalence

	4 Hardness Analysis
	5 HyperSplit: Solving Maximum Common Subhypergraph
	5.1 Background: McSplit and Its Limitations
	5.2 Overview of HyperSplit
	5.3 Candidate Node Pair Selection
	5.4 Hypergraph-Aware Label Class
	5.5 Upper Bound Computation and Pruning
	5.6 Heuristics
	5.7 Hypergraph-Specific Components
	5.8 Tolerance-Based Pruning

	6 Experiments
	6.1 Experimental Setup
	6.2 Effectiveness Analysis
	6.3 Case Studies
	6.4 Efficiency Analysis
	6.5 Scalability Analysis
	6.6 Parameter Study

	7 Related Work
	8 Conclusion and Future Work
	Acknowledgments
	References

	3802109
	Abstract
	1 Introduction
	2 Background and Related Work
	3 The PII Protection Problem
	4 SHIELD: System Overview
	5 PII Identification Methods
	5.1 PII Extraction Rules (PERs)
	5.2 Re-identification Risk Graph Construction

	6 PII Anonymization
	6.1 Anonymization Actions over Risk Graph
	6.2 Greedy Text Anonymization

	7 Experimental Study
	8 Conclusion
	References

	3802110
	Abstract
	1 Introduction
	1.1 Our Solution
	1.2 Related Work

	2 Preliminaries
	2.1 The Streaming-3PC Model
	2.2 3PC Primitives

	3 Secure Linear Sketches
	3.1 The S3 Framework
	3.2 The Count-Min Sketch under S3
	3.3  The HyperLogLog Sketch under S3

	4 Secure Count-Based Sketches
	4.1 The Secure SpaceSaving Sketch
	4.2 The Secure Greenwald-Khanna Sketch

	5 Extensions
	5.1 General Streaming Setting
	5.2 Private Query Release
	5.3 More Applications

	6 Experiments
	6.1 Implementation and Optimization
	6.2 Experiment Setup
	6.3 Experimental Results

	7 Conclusions
	Acknowledgments
	References

	3802111
	Abstract
	1 Introduction
	2 Preliminary and Definition
	3 Methodology
	3.1 Framework Overview
	3.2 Query Decomposition
	3.3 Skyline Retrieval
	3.4 Set Cover Chunk Merging
	3.5 Discussion and Scope

	4 Experiments
	4.1 Experimental Settings
	4.2 Overall Comparison (RQ1)
	4.3 Ablation Study (RQ2)
	4.4 Analysis of Skyline Retrieval (RQ3)
	4.5 Latency Evaluation (RQ4)
	4.6 Tokens Comparison (RQ5)
	4.7 Backbone Influences (RQ6)

	5 Related Work
	5.1 Long-context Frontier Closed-source LLMs
	5.2 RAG and its Optimizations

	6 Conclusions
	Acknowledgments
	References

	3802112
	Abstract
	1 Introduction
	2 Interactive Operators and Plans
	2.1 Inception Point and Completion Point
	2.2 Inception Point and Completion Point of Different Operators

	3 Generating Interactive Plans
	3.1 Rules for Creating Interactive Plan

	4 SmartRabbit Implementation
	4.1 Localized Sorting for Interactive Execution
	4.2 Fulcrum-Informed Flushing
	4.3 Communicating Between Executions
	4.4 Handover Filter
	4.5 Challenges for Parallel Execution

	5 Evaluation
	5.1 Metrics
	5.2 Experimental Setup
	5.3 Experimental Results
	5.4 Single Node Databases
	5.5 Concurrency Study

	6 Related Work
	7 Conclusion and Future Work
	8 Acknowledgements
	References

	3802113
	Abstract
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 Dense-Dense Matrix Multiplication (GEMM)
	3.2 Sparse-Sparse Multiplication (SpGEMM)

	4 Matrix Multiplication in SPALM
	4.1 Grouping Non-empty Subrows into Slices
	4.2 Sparsity-Sensitive Dense Multiplication
	4.3 Sparsity-Sensitive Sparse Multiplication
	4.4 Determining Tiling Parameters
	4.5 Determining Algorithm Thresholds
	4.6 Output Format

	5 DuckDB Integration
	6 Experimental Evaluation
	6.1 Baselines
	6.2 Execution Time on Synthetic Datasets
	6.3 Execution Time on Real-World Datasets
	6.4 revcolPreprocessing Overheads
	6.5 revthreecolMemory Usage
	6.6 Execution Time with DuckDB

	7 Conclusions
	Acknowledgments
	References

	3802114
	Abstract
	1 Introduction
	2 De Finetti Logic
	2.1 Pólya dice
	2.2 DFL Theories
	2.3 Posterior Inference

	3 Mean Field Variational Inference
	3.1 Stochastic Variational Inference

	4 From Propositional Constraints to Datalog Constraints
	5 Implementation
	6 Experiments
	7 Related Work
	8 Conclusions
	References

	3802115
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Graph and subgraph matching
	2.2 Subgraph coverage
	2.3 Related Work

	3 Motivation and Problem Definition
	4 Our Framework
	4.1 Labeling Strategies
	4.2 Featurizer
	4.3 Model Training

	5 EXPERIMENTS
	5.1 Setup
	5.2 Comparison with baselines
	5.3 Evaluation on OOD datasets
	5.4 Effect of training query set
	5.5 Effect of OOD query size
	5.6 Effect of training data size
	5.7 blackEffect of ML model
	5.8 Effect of features
	5.9 Cost of training and advance preparation
	5.10 blackTime-to-k measure
	5.11 Experiments on subgraph coverage
	5.12 blackDiscussion

	6 Conclusion & Future work
	Acknowledgments
	References

	3802116
	Abstract
	1 Introduction
	2 Background
	3 Problem Analysis
	3.1 Challenge 1: Skew
	3.2 Challenge 2: Unbounded Growth

	4 Sublime
	4.1 Accommodating Skew
	4.2 Accommodating Unbounded Growth
	4.3 Applying Sublime to Count Sketch

	5 Memory Analysis
	6 Evaluation
	7 Conclusion
	Acknowledgments
	References

	3802117
	Abstract
	1 Introduction
	1.1 Our Contributions

	2 Preliminaries
	2.1 Conjunctive Queries and Hypergraphs
	2.2 Acyclicity and Join Trees
	2.3 Query Plans and Join Ordering

	3 Widths of Query Plans and Width-1 Query Plans
	4 Meta-Decompositions
	4.1 Constructing Meta-Decompositions
	4.2 Join Tree Enumeration

	5 Cost-Based Optimization from Meta-Decompositions
	5.1 Re-Branching
	5.2 The Overall Algorithm
	5.3 Optimizing the Local Join with Neighbors
	5.4 Case Study: Optimizing Relation-Dominated Queries with Meta-Decompositions

	6 Experimental Evaluation and Analysis
	6.1 Experimental Setup
	6.2 Results

	7 Conclusions and Future Work
	Acknowledgments
	References

	3802118
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Definition
	2.2 Subspace Collision Framework
	2.3 SC-Linear and SuCo Methods

	3 Data-adaptive Subspace Collision
	3.1 Problem Analysis
	3.2 Subspace-oriented Data Transformation via Entropy Averaging
	3.3 SC-score Distribution after Transformation

	4 The TaCo Method
	4.1 Index Construction
	4.2 Collision Counting
	4.3 Candidate Selection
	4.4 k-ANNS Query

	5 Experimental Evaluation
	5.1 Experimental Setup
	5.2 Self-evaluation of TaCo
	5.3 TaCo vs. Subspace Collision Methods
	5.4 TaCo vs. Non-Subspace Collision methods

	6 Related Work
	7 Conclusions
	Acknowledgments
	References

	3802119
	Abstract
	1 INTRODUCTION
	2 PROBLEM STATEMENT
	3 RELATED WORK
	4 EXPERIMENTAL SETUP
	4.1 Algorithms
	4.2 Flavors
	4.3 Datasets
	4.4 Implementation Details

	5 EXPERIMENTAL RESULTS AND ANALYSIS
	5.1 Overall Effectiveness
	5.2 Runtime Analysis
	5.3 Robustness Analysis
	5.4 Case Requirements and Complexity
	5.5  A Multifaceted Real-World Case Study 

	6 DISCUSSION AND FUTURE WORK
	7 CONCLUSION
	Acknowledgments
	References

	3802120
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Graph-based Greedy Search
	2.2 The Outlier Query Phenomenon
	2.3 The Hubness Phenomenon

	3 Theoretical Analysis of Hubness on Graph Traversal
	3.1 Proximity Graphs in Idealized Low-Dimensional Settings
	3.2 Topological Distortion
	3.3 Hubness-Induced Search Failure

	4 Revisiting Graph-based Algorithms through the Lens of Hubness
	4.1 Topological Diversification
	4.2 Parameterized Pruning
	4.3 Data-Driven Adaptivity
	4.4 Summary

	5 Experimental Evaluation
	5.1 Experimental Setup
	5.2 Intrinsic Data Properties
	5.3 Impact of Hubness on Search Performance
	5.4 Topological Analysis of Graph Indexes
	5.5 Parameter Sensitivity Analysis
	5.6 Hubness-Aware Pruning Optimization

	6 Discussion
	6.1 Key Insights
	6.2 Future Directions

	7 Conclusion
	Acknowledgments
	References

	3802121
	Abstract
	1 Introduction
	2 Background
	2.1 Filters
	2.2 Adaptivity
	2.3 Design of adaptive filters
	2.4 Ski Rental Problem

	3 The AdaptiveQF
	3.1 Filter design
	3.2 Adaptivity
	3.3 Reverse map

	4 Adaptivity as a Ski Rental Problem
	5 Implementation
	5.1 SkiQF
	5.2 HybridSkiQF

	6 Experiments
	6.1 Experimental setup
	6.2 Robustness across workloads distributions
	6.3 Adversarial workload
	6.4 Shifting workload distributions
	6.5 Varying external-memory costs
	6.6 Microbenchmarks

	7 Discussion and conclusion
	8 Acknowledgments
	References

	3802122
	Abstract
	1 Introduction
	2 Informative Alternative Plans for Education
	2.1 Categorizing Alternative Query Plans
	2.2 Learner-centered Characterization of Informative AQPs
	2.3 Informative & Uninformative Plan Categories

	3 Informative Plan Selection (TIPS) Problem
	3.1 Relational Query Plans
	3.2 Problem Definition

	4 Quantifying Plan Informativeness
	4.1 Lessons from Characterization of AQPs
	4.2 Plan Differences
	4.3 Relevance of an Alternative Plan
	4.4 Plan Informativeness

	5 TIPS Algorithms
	5.1 Candidate Plan Set Retrieval
	5.2 Group Forest-based Pruning (GFP)
	5.3 Importance-based Plan Sampling (IPS)
	5.4 I-TIPS Algorithm
	5.5 B-TIPS Algorithm

	6 Performance Study
	6.1 Experimental Setup
	6.2 Experimental Results

	7 TIPS for Database Education
	7.1 User Study
	7.2 Academic Outcomes
	7.3 Beyond Database Education

	8 Related Work
	9 Conclusions and Future Work
	References

	3802123
	Abstract
	1 INTRODUCTION
	2 BACKGROUND AND MOTIVATION
	2.1 The Golden Rule of Buffer Management
	2.2 The Isolation–Freshness Tradeoff in Cross-Engine HTAP
	2.3 Time to Rethink the Buffer Manager

	3 Vista ARCHITECTURE
	3.1 Segment Memory Management
	3.2 OLTP: Generational Buffer Management
	3.3 OS-assisted Segment Remapping
	3.4 OLAP: Hybrid Data Access

	4 DATABASE INTEGRATION
	4.1 Cross-Engine Snapshot Isolation
	4.2 Format Interoperability
	4.3 Implementation Details

	5 EVALUATION
	5.1 Experimental Setup
	5.2 Isolation–Freshness Tradeoff
	5.3 Performance Isolation
	5.4 Dynamic Workloads
	5.5 In-depth Analysis of the Vista Runtime

	6 CONCLUSION
	Acknowledgments
	References

	3802124
	Abstract
	1 Introduction
	2 Background and Problem Formulation
	2.1 Architecture of Federated Learning
	2.2 Centralized Learning as a Baseline
	2.3 Data Noise in Federated Learning

	3 DataNoiseGenerator: A Toolkit for Injecting Data Noise
	3.1 Workflow and Usage
	3.2 Supported Types of Data Noise

	4 Methodology
	4.1 Experimental Pipeline and Setup
	4.2 Datasets, Tasks, and Metrics
	4.3 FL Emulation

	5 Evaluation Results
	5.1 A Deep Dive into Results from Image Data
	5.2 The Vulnerability of FL Across Modalities
	5.3 Heterogeneous Noise
	5.4 Real-world Data Noise

	6 Analysis of FL's Vulnerability to Data Noise
	6.1 Divergence of Local Model Updates
	6.2 Unstable Gradients and Training

	7 Impact of FL Configurations
	7.1 Data Heterogeneity (Non-IID vs. IID)
	7.2 Data Volume Skew
	7.3 Number of FL Clients
	7.4 Client Sampling Rate

	8 Takeaways and Future Work
	8.1 Key Findings
	8.2 Future Directions

	9 Related Work
	10 Conclusion
	Acknowledgments
	References

	3802125
	Abstract
	1 Introduction
	2 Preliminary
	2.1 Definitions
	2.2 Vector Storage and Indexes
	2.3 Filtered Search Strategies
	2.4 CRUD Mechanisms
	2.5 Concurrent Query Processing

	3 Benchmark Details
	3.1 Overview
	3.2 Data Synthesizer
	3.3 Filtered Query Generator
	3.4 Workload Executor

	4 Experiments
	4.1 Overall Performance
	4.2 Evaluation of Filtered Search Strategies
	4.3 Ablation Study of VecBench
	4.4 Comparison with Existing Benchmarks

	5 Related Work
	6 Takeaways
	7 Conclusion
	Acknowledgments
	References

	3802126
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem definition
	2.2 Overview

	3 Exact Algorithms
	4 Approximation Algorithms
	4.1 Polynomial 2-approximation algorithm
	4.2 Fast (2 + ε)-approximation

	5 Evaluation
	5.1 Experiment Plan
	5.2 Experiment Setting
	5.3 Implementation
	5.4 Results
	5.5 Case Study: An Adversarial Instance

	6 Related Work
	7 Conclusion
	References

	3802127
	Abstract
	1 INTRODUCTION
	2 PRELIMINARIES
	2.1 Benefits and Challenges of Clustering
	2.2 Related Work

	3 Boundary Micro-Partitions
	3.1 The Reclustering Workflow
	3.2 Micro-Partitions on the Query Boundaries
	3.3 Greedy Algorithm Extensions

	4 WORKLOAD-AWARE RECLUSTERING
	4.1 Micro-Partition Utilization
	4.2 Cost-based Trade-off
	4.3 Cost Model Extensions
	4.4 Hybrid Layout

	5 RECLUSTERING AS A SERVICE
	5.1 Service Framework
	5.2 Implementation Details
	5.3 Pruning Opportunities

	6 EVALUATION
	6.1 Workload Generator
	6.2 Workloads
	6.3 Experimental Setup
	6.4 End-to-End Results
	6.5 TPC-H
	6.6 DSB
	6.7 Mirrors
	6.8 Selectivity Analysis
	6.9 Ablation Study and Optimality Gap

	7 CONCLUSION
	Acknowledgments
	References

	3802128
	Abstract
	1 Introduction
	2 Background
	2.1 Rank-and-Select Quotient Filter (RSQF)
	2.2 InfiniFilter
	2.3 Aleph Filter

	3 Problem Analysis
	4 Zeno Filter
	4.1 Stretching
	4.2 In-Place Expansion
	4.3 Void Entry Encoding
	4.4 Concurrency

	5 Evaluation
	6 Conclusion
	References

	3802129
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Statement
	2.2 Limitations of Existing Approaches
	2.3 Our Solution

	3 Theoretical Foundations of (, , )-Cluster
	4 SGL Index
	4.1 Bi-Component Division
	4.2 The Structure of SGL
	4.3 Dual-Driven Spatial Optimization
	4.4 SGL-based Bi-Community Search

	5 SGL Construction
	5.1 The Overview of SGL Construction
	5.2 Decomposition of (,)-Components
	5.3 Dominance-based Pruning of SEdges

	6 SGL Maintenance
	7 Experiments
	7.1 Experimental Setup
	7.2 Overall Performance of Indexes
	7.3 Performance for Bi-Community Search
	7.4 Performance for Bi-Core Search
	7.5 Index Maintenance
	7.6 Performance for Other Model.

	8 Related Work
	9 Conclusion
	Acknowledgments
	References


