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Abstract Driven by vision-language models (VLMs), high-accuracy mu lti-modal retrieval represents objects with multiple vect ors from
disparate semantic spaces. This paradigm introduces a crit ical system bottleneck regarding multi-vector search (MVS ) performance.
Current methods typically combine results from multiple si ngle-space indexes, a strategy inherently hindered by the s pace mismatch
problem. Speci�cally, searching in isolated single-modal ity spaces provides an unsuitable proxy for the composite mu lti-vector query
space, leading to suboptimal accuracy and e�ciency. To addr ess these limitations, we propose MSG, a uni�ed multi-space graph index
designed natively for MVS. MSG consolidates potential neig hbor relationships from every vector space combination int o a single cohesive
graph structure. To ensure practicality, we incorporate lo ssless computational acceleration and neighbor compressi on techniques tailored
for multi-space graph operations. These methods exploit un ique MVS properties to reduce index construction time and st orage overhead
without compromising quality. Extensive experiments on si x real-world datasets demonstrate that MSG signi�cantly ou tperforms leading
methods in construction e�ciency, storage cost, search per formance, and scalability. Notably, MSG achieves up to a 96. 5% reduction in
query latency while attaining a higher recall rate. The sour ce code is available at https://github.com/ZJU-DAILY/MSG .
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1 Introduction

High-dimensional vector embeddings serve as a fundamental building block for modern arti�cial intelligence (AI)
models [1{ 3]. This paradigm is essential for retrieval-augmented generation (RAG) within large language models
(LLMs), where vector search (VS) acts as the primary engine to augment generation with external knowledge [1,4].
Despite its success, the existing VS ecosystem almost universally assumes that a single vector represents each
object [5{ 7]. This single-vector paradigm is reaching its limits as AI applications increasingly require a nuanced
understanding of complex data [8{ 13].

To capture the richness of multi-modal objects, a more expressive multi-vector representation has emerged as an
alternative to the single-vector paradigm. In this model, a set of vectors describes an object, with each vector cap-
turing a speci�c facet, view, or modality [ 14{ 17]. This approach allows for the integration of vectors from specialized
single-modal and multi-modal encoders [9]. By preserving these information channels rather than forcing a prema-
ture fusion into a single vector, this representation achieves higher accuracy in complex retrieval scenarios [10{ 12].
However, this increased representational power introduces a signi�cant system challenge: the requirement for e�ec-
tive and e�cient multi-vector search (MVS).

As illustrated in Figure 1, a multi-modal chat application user might provide a photograph of Big Ben with
the text prompt: \ Please help me �nd a picture of Big Ben taken in the evening from the same viewpoint." This
request generates a multi-vector query in the backend. For instance, the text prompt is encoded into a semantic
vector, while a multi-modal encoder fuses the reference image andtext into a second vector [3, 18]. This process
creates a two-vector query for execution on a vector database. The search results are subsequently combined with
the original input to prompt an LLM, which generates the �nal resp onse. Processing such complex queries both
instantly and accurately remains the core challenge of MVS.
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Figure 1 (Color online) An example of text-image chat by MVS.

Current systems address MVS by adapting single-space VS techniques [19{ 22]. For an object with m vector
representations, the predominant strategy buildsm separate single-space indexes (e.g., HNSW [23]) and merges
their search results. However, this approach su�ers from a critical space mismatch problem. A multi-vector query
is rarely aligned with a single base modality; instead, it exists in a composite space de�ned by a speci�c vector
combination. Searching isolated single-modality spaces is fundamentally misaligned with the query's location in
the composite space, leading to signi�cant ine�ciency. Our analysis in Figure 2 validates this by showing that
neighbor relationships across di�erent vector spaces have minimaloverlap, con�rming that single-space indexes are
inadequate proxies for multi-vector queries.

This insight suggests a straightforward yet naive alternative: pre-building an index for each of the 2m � 1 possible
vector combinations. Although this approach guarantees an aligned index for any query, it presents a signi�cant
practical dilemma. High-performance graph search requires an optimized memory layout with contiguous vector
and neighbor data to ensure data locality and minimize cache misses [24{ 26]. This requirement necessitates massive
vector duplication across numerous indexes. Consequently, this solution incurs exponential costs in construction
time and memory, as validated by our baseline in Figure3, rendering it infeasible for real-world applications.

To resolve this dilemma, we introduce MSG: a uni�ed multi-space graph index designed natively for MVS.
Instead of using separate or redundant indexes, MSG constructs a single cohesive graph consolidating neighbor
relationships from all 2m � 1 vector combinations. This uni�ed architecture stores each vector once to eliminate
redundancy while maintaining dedicated neighbor lists for each combination space. At query time, MSG employs
an adaptive navigation strategy that traverses the graph using only links relevant to the query's vector combination,
incorporating dynamic user weights to guide the search path. This design fundamentally resolves the space mismatch
issue of existing methods and the resource explosion problem of thenaive baseline.

MSG's architecture requires specialized optimizations to ensure practicality. We introduce three MVS-speci�c
lossless acceleration techniques that exploit unique computationalproperties of multi-space distance calculations to
reduce index construction time. Furthermore, we design three lossless neighbor compression algorithms based on
MSG's layout to minimize storage costs, addressing the exponentialgrowth of neighbor lists. These optimizations
are theoretically lossless, ensuring that e�ciency gains do not compromise index quality or search accuracy. Our
primary contributions are summarized as follows.

� Uni�ed indexing paradigm : We propose MSG, a multi-space graph index that uni�es all potential vector
space combinations into a single structure. This design natively supports arbitrary multi-vector queries, overcoming
the space mismatch limitations of prior methods.

� MVS-speci�c acceleration : We design three lossless acceleration methods for index construction and search.
These techniques leverage the MVS characteristics to achieve speedups without compromising index quality.

� Compact index design : We introduce an optimized index layout and three lossless neighbor compression
algorithms. This design reduces the neighbor storage while maintaining high-performance search capabilities.

� Comprehensive evaluation : We conduct extensive experiments on six real-world datasets, demonstrating
that MSG outperforms leading methods in indexing e�ciency, storage cost, search performance, and scalability.

The remainder of this paper is organized as follows. Section2 de�nes the MVS problem and analyzes existing
solutions. Section3 provides an overview of the MSG framework. Sections4 and 5 detail the index construction
and search procedures, respectively. Section6 presents the experimental evaluation, followed by further analysis in
Section 7. Section 8 reviews related work, and Section9 concludes the paper.
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Figure 2 (Color online) Neighbor overlap ratio (N. overlap (%)) acro ss disparate vector spaces and ground-truth overlap (G.T. o verlap (%))
for queries with identical vectors under varying weights.

Figure 3 (Color online) System pipeline and performance comparison of MVS methods. (a) Execution pipeline; (b) indexing time; ( c) index
size; (d) search performance.

Table 1 Summary of frequently used notations.

Notation Description Notation Description

S; o Object set and multi-vector object D m ; D t Total dimension of o and q

q Multi-vector query � ( �) Euclidean distance

o i ; q i The i -th vector in o and q w i Weight of the i -th modality

di Dimensionality of the i -th vector g( �) Aggregate distance function

n Total number of objects � (n ) Traversal complexity, � O(log n )

m; t Vector counts in o and q r Maximum degree in graph index

2 The multi-vector search problem and existing approaches

This section formally de�nes the MVS problem, analyzes challenges inherent in dynamic multi-vector queries, and
reviews existing solutions. Our analysis reveals a dilemma in current approaches, motivating the need for a new
indexing paradigm. Table 1 summarizes the notations used throughout this paper.

2.1 Problem formulation

We �rst de�ne the standard single-vector search (SVS) problem before generalizing it to MVS.

De�nition 1 (SVS). Given an object set S of single vectors, a query vectorq, and a distance metric � (�), SVS
retrieves the top-k objects in S with the smallest distances toq.

The MVS problem extends this paradigm to objects represented bymultiple vectors.

De�nition 2 (MVS) . Given an object set S where each objecto comprisesm vectors (o0; : : : ; om � 1), a multi-
vector query q with t vectors (q0; : : : ; qt � 1) and corresponding weights, a distance metric� (�), and a monotonic
aggregate functiong(�), MVS identi�es the top- k objects most similar to q. Formally,

R = arg min
R� S; jR j= k

X

o2 R

g(� (o0; q0); : : : ; � (ot � 1; qt � 1)) : (1)
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Following established MVS research [19,20], we adopt weighted sum as the default aggregate functiong(�):

g (� (o0; q0); � � � ; � (ot � 1; qt � 1)) =
t � 1X

i =0

wi � � (oi ; qi ): (2)

A query may involve any subset of them vector representations, forming a speci�c vector combination. The
following lemmas quantify the combinatorial complexity of the MVS problem.

Lemma 1. An object with m vectors has 2m � 1 non-empty vector combinations.

Lemma 2. For an object o with m vectors, each vector is included in 2m � 1 vector combinations.

These lemmas reveal a combinatorial explosion, indicating that a comprehensive solution must e�ciently handle
queries across an exponential number of semantic spaces.

Remarks . We employ squared Euclidean distance and weighted sum as default settings, treating weights as
dynamic parameters [19, 20]. However, MSG supports other monotonic aggregate functions (e.g., mean) because
graph-based greedy routing relies on the relative rank ordering ofneighbors|a property invariant under monotonic
aggregation. Consequently, MSG accommodates alternative retrieval semantics by substituting the aggregation
logic without modifying the index structure.

2.2 The challenge of dynamic queries

In real-world MVS, queries are dynamic and unpredictable during index construction. This dynamism manifests in
two dimensions.

� Dynamic vector combinations : A query may involve any of the 2m � 1 possible vector combinations. For
instance, in a text-image database, users might query using text,an image, or both. The index must support all
such combinations e�ciently.

� Dynamic weights : Users assign varying importance to di�erent modalities. As expressed in (2), these
preferences are captured by dynamic weights (wi ) that directly in
uence the �nal ranking.

Consequently, a practical MVS index cannot be pre-optimized for speci�c combinations or weights. It must be a
general-purpose structure capable of adapting to each query's unique composition dynamically.

2.3 Existing solutions and their limitations

Current MVS solutions adapt SVS techniques, primarily utilizing HNSW [ 23] as the foundational index structure.
We analyze two main strategies and expose their architectural 
aws.

2.3.1 Strategy 1: separate indexes

The predominant strategy, employed by vector databases such as Milvus [20] and VBase [19], builds m separate
HNSW indexes|one per modality. At query time, the system searches relevant indexes and merges candidate
lists. While practical, this approach su�ers from a space mismatch issue. A multi-vector query resides in a
composite vector space de�ned by its vector combination, where its location is determined by both vector data
and assigned weights. Consequently, neighbor relationships in single-modality graphs are poor proxies for the true
neighbors in the composite space. This misalignment forces a searchthrough irrelevant graph portions, relying
on late-stage merging to salvage results. This process leads to computational ine�ciency and limits achievable
accuracy. Figure2 provides empirical evidence, revealing minimal overlap between neighbor sets of di�erent spaces.
Furthermore, queries with identical vectors but di�erent weights yield divergent ground-truth results, con�rming
that weight-agnostic single-space indexes are inadequate for MVS.

2.3.2 Strategy 2: all-combinations baseline

The logical solution to the space mismatch problem is pre-building an index for every query space. This baseline
constructs a separate HNSW index for each of the 2m � 1 possible vector combinations. While this guarantees
an aligned index for any query, it creates a dilemma between performance and cost. To serve as a competitive
benchmark, each index must adopt an optimized layout, storing vector data and neighbor lists contiguously to ensure
data locality and minimize cache misses [24, 26, 27]. However, this optimization forces massive vector duplication,
as each vector participates in 2m � 1 combinations (Lemma 2). Consequently, this naive solution incurs impractical
construction time and memory overhead, as shown in Figure3, rendering it infeasible for production.
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Figure 4 (Color online) The execution 
ow of (a) index construction a nd (b) search procedure in MSG.

2.4 Motivation for a new paradigm

Existing approaches reveal a trade-o� between the space mismatch of separate indexes and the resource explosion
of an all-combinations baseline. Neither strategy adequately meetsthe requirements for e�cient, scalable, and
high-accuracy MVS. This gap in modern vector databases motivates a new indexing paradigm capable of handling
all vector combinations within a uni�ed structure. This necessity dr ives the design of MSG.

3 MSG: a uni�ed multi-space graph framework

This section introduces the MSG. We provide an overview of MSG's architectural principles, construction work
ow,
and search procedure, demonstrating how it resolves space mismatch and resource explosion.

3.1 Core principle: a uni�ed architectural design

MSG is founded on the principle of uni�cation: consolidating comprehensive search spaces into a single e�cient
index. This design addresses the trade-o� between architectural correctness and practical feasibility. MSG materi-
alizes a single graph where each object is represented by a unique vertex. Each vertex is associated with only one
copy of its m constituent vectors. The index supports arbitrary query combinations by attaching 2m � 1 distinct
neighbor lists to the vertices|one for each combination space. Figure 4 illustrates this uni�ed structure.

This architectural choice resolves the trade-o�s identi�ed in Section 2. Speci�cally, the design achieves two goals.
� Elimination of data redundancy : By storing vectors once, MSG prevents the exponential memorycosts of

the naive baseline.
� Preservation of data locality : Managing relationships within a single index enables an optimized layout,

preserving data locality for high-performance search.
MSG makes the all-combinations strategy practically feasible, providing comprehensive search capabilities and

resource e�ciency within a single index.

3.2 Index construction work
ow

The MSG index is constructed incrementally, as detailed in Algorithm 1. The objective is to populate the uni�ed
graph with neighbor information for every vertex across all combination spaces. As illustrated in Figure4(a), MSG
treats each newly inserted object as 2m � 1 distinct multi-vector queries. For each combination, a greedy search on
the existing graph identi�es the most similar candidates within that sp eci�c composite space. From this candidate
set, neighbors are selected using the HNSW heuristic rule [23]. This process is repeated for all 2m � 1 combinations,
and the resulting neighbor lists are associated with the single vertexrepresenting the new object. The �nal physical
index stores a single copy of vector data alongside a comprehensiveset of neighbor lists for each object. We address
the computational overhead of this process with specialized acceleration techniques in Section4.

3.3 Search procedure and adaptive navigation

As detailed in Algorithm 2, MSG handles dynamic queries with arbitrary vector combinations and weights using
an adaptive navigation strategy. The process, illustrated in Figure4(b), consists of the following.
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Algorithm 1 MSG index construction.

Input: An object set S;
Output: The multi-space graph index G;
1: Initialize graph G  ; , top layer L  � 1;
2: for each object o in S do
3: l max  Assign max layer(); // Based on exponentially decaying probability [ 23]
4: if l max > L then
5: L  l max ; // Update the global top layer
6: end if
7: Store vector data of o in G;
8: for l  l max down to 0 do
9: N l

o  Find multi space neighbors( o; l; G ); // Subsection 4.2, Algorithm 3
10: ~N l

o  Compress neighbors( N l
o ); // Subsection 4.3

11: Store compressed neighbor list ~N l
o for object o at layer l in G;

12: end for
13: end for
14: return G;

Algorithm 2 MSG search procedure.

Input: Multi-space graph G, multi-vector query q, desired number of results k ;
Output: The top- k result set R ;
1: L  Get top layer( G);
2: E  f Get entry point( G)g; // Start with the single entry point at the top layer
3: for l  L down to 1 do
4: E  Search layer( q; E; 1; l; G ); // Find the single best entry point for the next layer
5: end for
6: R  Search layer( q; E; k; 0; G ); // Perform the �nal search for k results on the base layer ( l = 0)
7: return R ;

� Space selection : Each query speci�est active vectors (16 t 6 m), identifying one of the 2m � 1 pre-computed
neighbor lists. During traversal, the algorithm exclusively utilizes connections corresponding to this combination.
This mechanism supports partial queries (t < m ) by routing them through the relevant subspace topology.

� Weighted path�nding : The search begins at a �xed entry point and proceeds via greedy search. At each
vertex, aggregate distances to neighbors are calculated in real-time, incorporating the query's speci�c vector data
and dynamic weights. A neighbor is ranked closer if its aggregate distance to the query is smaller.

This approach e�ectively manages query dynamism. The o�ine index provides a \road map" for all potential
paths, while the online query provides the \destination" and \GPS dir ections" through its speci�c data and weights.
Consequently, queries with identical vector data but di�erent weights follow distinct paths to their respective results
(e.g., Query iii vs. Query iv in Figure 4). This adaptive capability distinguishes MSG from weight-agnostic search
strategies.

Despite resolving space mismatch, MSG faces two system challenges: a scalability bottleneckin construction and
storage due to exponential combination growth, and ane�ciency bottleneck in online retrieval where weighted
distance computations dominate latency. We address these through acceleration and compression algorithms in
Section 4, and query-aware strategies in Section5.

4 Index construction

The architectural principle of MSG|a uni�ed graph serving 2 m � 1 vector combination spaces|provides a founda-
tion for MVS. However, constructing this comprehensive index presents two primary hurdles: (1) the computational
cost of establishing neighbor relationships across exponential spaces, and (2) the storage overhead of the resulting
neighbor lists. This section details the index construction process,including the basic work
ow and the acceleration
and compression techniques designed to ensure system practicality.

4.1 Basic construction process

MSG construction is an incremental process where each new object o is connected to neighbors at each layer, from
its maximum layer lmax down to layer 0. At a given layer l (Algorithm 3), MSG treats object o as 2m � 1 distinct
queries. For each combination, MSG performs a greedy search to �nd c1 nearest candidates in the composite space.
From these, r neighbors are selected using the HNSW heuristic, which prioritizes neighbors close to the query but
distant from each other. Finally, neighbor lists from all combinations are consolidated and associated with the
vertex representing objecto.
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Algorithm 3 Find multi-space neighbors at layer l .

Input: Object o to insert, layer l , graph G, construction candidate size c1 , max neighbors per combination r ;
Output: The set of all new neighbors for o at layer l , N l

o ;
1: N l

o  ; ;
2: E  Get entry point for insert( o; l; G ); // Find entry points from layer l + 1
3: for each vector combination vc in the 2 m � 1 combinations do
4: qvc  Create query from object( o; vc ); // Treat object in a combination space as a query
5: C  Search layer( qvc ; E; c 1 ; l; G ); // Find c1 candidates in this space
6: N vc  Select neighbors heuristic( qvc ; C; r ); // Select r neighbors using HNSW heuristic [ 23]
7: N l

o  N l
o [ N vc ;

8: end for
9: return N l

o ;

Complexity analysis . Without optimization, construction costs are substantial. Finding c1 candidates for one
combination requires traversingO(c1 � � (n)) vertices, where� (n) represents the search scale (approximately log(n) in
HNSW [23]). Since each of them vectors participates in 2m � 1 combinations (Lemma 2), the total time complexity
to insert one object isO(( � (n) + r ) � c1 � Dm � 2m � 1). This exponential dependency onm necessitates computational
acceleration.

4.2 Overcoming computational cost: indexing-aware accele ration

Analysis reveals that distance computation accounts for over 77%of total indexing time, making it the dominant
bottleneck. To mitigate this, we introduce three lossless acceleration techniques tailored to MVS properties.

4.2.1 Computation reuse for aggregate distances

Calculating aggregate distances (Eq. (2)) involves redundant operations. For example, the single-vectordistance
� (oi ; x i ) is computed for the i -th vector space and subsequently re-calculated as a componentfor any combination
space involving modality i . To eliminate this redundancy, we implement a caching mechanism. During object
insertion, we �rst process the m single-modality spaces and cache all computed single-vector distances between
object o and visited vertices. For composite spaces, we retrieve these cached scalars, reducing aggregate distance
computation from high-dimensional vector operations to simple scalar additions.

While caching reduces individual computation costs, indexing time remains dominated by graph traversals. A
naive strategy requires independent greedy searches for all 2m � 1 vector combinations, incurring exponential
construction complexity. To address this, we exploit the correlation between vector spaces: the candidate set of a
composite space typically overlaps signi�cantly with its constituent single-vector spaces. We propose a composite
candidate generation strategy to circumvent redundant traversals. Let Ci denote the candidate set retrieved via
greedy search in thei -th single-vector space. For any composite space speci�ed by indices I � f 0; : : : ; m � 1g, we
approximate its candidate setCI via the union of its constituent candidates:

CI =
[

i 2I

Ci : (3)

This strategy transforms construction complexity. By limiting grap h traversals to m single-vector spaces and
deriving composite candidates through set unions, we eliminate intensive traversals in combinatorial spaces. Conse-
quently, traversal complexity is reduced fromO(2m ) to O(m), ensuring construction scales linearly with the number
of modalities.

4.2.2 Approximate computation via importance-aware projection

During neighbor selection, most distance computations serve to compare candidates against a threshold (i.e., the
distance to the farthest candidate). Exact values are unnecessary if a partial distance calculation proves a candidate
exceeds this threshold [28,29]. To accelerate these comparisons, we employ incremental distance calculation, which
is most e�ective when evaluating dimensions with high variance �rst. Speci�cally, we apply a vector transformation
based on principal component analysis (PCA) [30]. For each of the m vector sets, we compute an orthonormal
projection matrix to reorder dimensions by variance in descending order. Since this transformation is lossless and
preserves thel2-norm, we can incrementally scan the transformed dimensions. Thisimportance-aware scanning
allows partial distances to exceed the threshold earlier, reducing the average number of dimensions processed
without a�ecting accuracy.

As illustrated in Figure 5, consider a candidate set with a distance thresholdT = 0 :25. Evaluating a new
vertex x using original vectors requires scanning three dimensions to con�rm the squared distance (0.79) exceedsT.
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Figure 5 (Color online) An example of approximate computation.

Conversely, our projection concentrates vector \energy" into initial dimensions. A partial calculation on the �rst
transformed dimension yields a squared distance of 0.6084. Since this already exceedsT, the vertex is immediately
discarded, saving the cost of processing remaining dimensions.

4.2.3 Accurate computation via inner product transformation

When exact distances are required and computation reuse is inapplicable, we accelerate the process using the
algebraic relationship between squared Euclidean distance and the inner product [31,32]:

joi � x i j2 = joi j2 + jx i j2 � 2 � oi � x i : (4)

We pre-compute and store the squaredl2-norms of all vectors during insertion. Consequently, distance calculation
is reduced to a high-performance inner product operation followedby basic arithmetic.

4.2.4 Theoretical guarantees

Lemma 3 (Lossless indexing acceleration). The three proposed acceleration techniques|computation reuse,
importance-aware projection, and inner product transformation|are lossless and do not a�ect the quality of the
constructed index.
Proof. We demonstrate the lossless nature of each technique as follows.

(1) Computation reuse: The aggregate distance function,g(�) =
P

wi � i , is a deterministic linear combination
of component distances. Retrieving a pre-computed scalar� i from the cache is equivalent to re-evaluating the
Euclidean metric, ensuring the �nal aggregate score remains invariant.

(2) Importance-aware projection: Let P denote an orthonormal projection matrix (P T P = I ). Euclidean
distance is invariant under isometric transformation: kP (x � y )k2 = ( x � y )T P T P (x � y ) = kx � yk2. Let dist 2

k
represent the partial sum of squared di�erences over the �rstk transformed dimensions. Given the non-negativity
of squared terms, the sequence of partial sums is monotonically non-decreasing, establishing a valid lower bound
dist 2

k 6 kx � yk2. Thus, the pruning condition dist 2
k > T ensures no false dismissals of candidates satisfying

threshold T .
(3) Inner product transformation: This technique leverages the exact algebraic expansionkx � yk2 =

kx k2 + kyk2 � 2x T y . As squared norms are pre-computed, this reconstruction introduces zero approximation error
compared to direct dimension-wise computation.

Collectively, these derivations con�rm that the neighbor selection process preserves exactness.

4.3 Mitigating storage cost: optimized layout and neighbor compression

As established in Subsection3.1, MSG's uni�ed architecture addresses the primary memory challenge of the naive
baseline by storing high-dimensional vector data once, avoiding exponential costs from duplication. However, to
maintain architectural correctness, the index must store 2m � 1 distinct neighbor lists for each vertex at every layer.
This creates a signi�cant challenge: the storage overhead for neighbor identi�ers, which grows exponentially with
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Figure 6 (Color online) Overview of index layout. Figure 7 (Color online) Illustration of neighbor ID list compressio n.
(a) Seq-ID; (b) Mini-ID; (c) Med-ID.

the number of modalities m. This section details how we mitigate this cost through an optimized physical layout
and lossless compression.

4.3.1 Index layout

An e�cient physical layout is critical for performance and compressibility. As shown in Figure 6, MSG employs a
vertex-centric memory layout where each vertex's associated data| m vectors, m l 2-norms, and all neighbor lists|
is stored in a contiguous block. Within this block, neighbor data are organized by layer. Critically, each layer's
neighbor storage is of a �xed size. This enables the system to determine the memory address of any neighbor block
via simple o�set calculations, allowing e�cient random access during search.

4.3.2 Lossless neighbor ID compression

Even with an optimized layout, the consolidated block of neighbor IDsrequires further size reduction. To maximize
compressibility, we pool neighbor IDs from all 2m � 1 vector combinations for a given vertex and layer into a single
list. Each neighbor ID is associated with a combination sign (requiringdlog2(2m � 1)e bits) to identify its source.
Sorting this list of (ID, sign) pairs by ID enables e�ective delta encoding due to a more uniform distribution of
di�erences [33{ 35]. As illustrated in Figure 7, we explored three lossless methods o�ering various trade-o�s between
compression ratio and decompression speed.

� Sequential ID (Seq-ID) : Stores the �rst ID raw and subsequent IDs as di�erences from the previous entry.
While achieving a high compression ratio, it requires slow sequential decompression.

� Minimum ID (Mini-ID) : Stores the �rst ID raw and subsequent IDs as positive o�sets from that �rst entry.
It o�ers a lower compression ratio but enablesO(1) direct decompression.

� Median ID (Med-ID) : A balanced approach that stores the median ID as a raw anchor and other IDs as
o�sets from the median. This yields a better compression ratio thanMini-ID while maintaining O(1) decompression
speed.

Algorithm 4 details the Med-ID process using a median-anchored �xed-width delta encoding scheme. The algo-
rithm sorts entries and designatesidmed as the reference anchor. Absolute deltas� i = jid i � idmed j are computed,
where the sign is implicitly determined by the neighbor's rank relative to the median. To ensureO(1) random
access, we utilize a �xed-width representation. We determine the minimum bit-width, Bdelta , for the maximum
absolute delta and pack all deltas and combination signs uniformly. This deterministic layout allows the decoder to
compute the physical memory o�set of the i -th neighbor via a linear mapping, guaranteeing constant-time retrieval.

Lemma 4 (Lossless compression). The neighbor ID compression techniques are lossless.

Proof. We establish that the proposed compression schemes are information-lossless by construction, as they rely
on strictly invertible integer transformations.

(1) Fixed-anchor encoding (Mini-ID, Med-ID): These methods employ a translation mappingidorig 7! � =
idorig � id ref , whereid ref serves as a static base (e.g., median). The reconstruction function, id rec = id ref + � , is the
exact algebraic inverse. Crucially, the bit-width allocation strategy explicitly computes Bdelta = dlog2(max(j� j)+1) e,
ensuring the storage format accommodates the full dynamic range of di�erences without truncation or over
ow.
Thus, id rec � idorig .

(2) Recursive di�erential encoding (Seq-ID): This scheme encodes the sorted identi�er list as a sequence
of adjacent di�erences � i = id i � id i � 1 (with boundary condition id � 1 = 0). The reconstruction of the k-th
identi�er is given by the pre�x sum idk =

P k
j =0 � j . By the properties of a telescoping series, this summation yields

P k
j =0 (id j � id j � 1) = idk � id � 1 = idk , thereby verifying exact recovery of the original value.
Consequently, both the arithmetic logic and the storage representation are lossless.
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Algorithm 4 Med-ID neighbor compression.

Input: Neighbor list N = f ( id 0 ; s0 ) ; : : : ; ( id k � 1 ; sk � 1 )g where si is the combination sign, total combinations M = 2 m � 1;
Output: Compressed byte array B;
1: Sort N in ascending order of id ;
2: idx med  b k=2c;
3: id med  N [idx med ]:id ; // Select median ID as the reference anchor
4: � list  ; ; � max  0;
5: for i  0 to k � 1 do
6: � i  jN [i ]:id � id med j ; // Calculate absolute delta
7: � max  max( � max ; � i );
8: � list :append( � i );
9: end for

10: B delta  d log 2 ( � max + 1) e; // Determine �xed bits for delta (sign is implicit via index )
11: B sign  d log 2 (M )e; // Determine �xed bits for combination sign
12: B  Initialize header( id med ; B delta ; B sign );
13: for i  0 to k � 1 do
14: Write bits( B; � list [i ]; B delta ); // Pack absolute delta using �xed bit-width
15: Write bits( B; N [i ]:s; B sign ); // Pack sign using �xed width
16: end for
17: return B;

The synergy between MSG's layout and its uni�ed compression scheme enables an e�cient on-demand decom-
pression strategy. During a search, the system fetches the consolidated neighbor data block for a given vertex and
layer. The compression format is co-designed to allow for e�cient inspection of the combination sign associated
with each neighbor ID. This enables the decompression algorithm to traverse the compressed stream and selectively
reconstruct only the identi�ers pertinent to the query's vector c ombination. This on-demand approach limits CPU-
intensive decompression work to the necessary data. This design balances two competing objectives: maximizing
storage savings through a global compressed format, while enabling a highly e�cient data access pattern. It is
crucial for making the storage of an exponentially large number of neighbor lists both practical and performant.

4.4 Formal complexity analysis

To quantify e�ciency gains, we perform a comparative complexity analysis between the baseline and MSG. Letn
denote dataset cardinality, Dm denote aggregated dimensionality acrossm modalities, c1 denote construction can-
didate list size, and r denote maximum graph degree.� (n) represents greedy graph traversal complexity (typically
logarithmic w.r.t. n).

The naive all-combinations approach dictates independent processing for every vector combination.
� Time complexity ( Tbase): According to Lemma 2, each of an object'sm vectors participates in 2m � 1 distinct

combination spaces. Consequently, construction repeats both greedy traversal (� (n)) and neighbor selection (r )
operations proportional to this factor. Assuming unit distance computation cost O(Dm ), total time complexity is

Tbase = O
�
(� (n) + r ) � c1 � Dm � 2m � 1 � n

�
: (5)

The exponential factor 2m � 1 is coupled with the traversal term � (n), resulting in prohibitive scaling as m increases.
� Space complexity ( Sbase): To guarantee data locality, the baseline architecture duplicates vector data for

each combination space. Since each vector contributes to 2m � 1 spaces, raw vector storage scales asO(2m � 1 � Dm ).
Incorporating neighbor lists for all 2m � 1 spaces, the total space complexity is

Sbase = O
��

(2m � 1) � r + 2 m � 1 � Dm
�

� n
�

: (6)

MSG employs algorithmic restructuring and computational acceleration to decouple these costs.
� Time complexity ( TMSG ): (1) Algorithmic decoupling: The composite candidate generation strategy re-

stricts graph traversals (� (n)) solely to the m single-vector spaces. While neighbor selection (r ) is required for all
2m � 1 combinations, the traversal term � (n) is decoupled from the exponential multiplier. (2) Computational accel-
eration: We introduce � 1 (0 < � 1 < 1) as the e�ciency coe�cient representing aggregate speedup from computation
reuse, importance-aware projection, and inner product transformation. The optimized complexity is

TMSG = O
�
(� (n) � m + 2 m � 1 � r ) � c1 � � 1 � Dm � n

�
: (7)

The traversal term now scales linearly rather than exponentially, representing an algorithmic improvement.
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� Space complexity ( SMSG ): Utilizing a uni�ed physical layout, MSG stores vector data exactly once, elim-
inating the 2m � 1 redundancy factor. Furthermore, it employs Med-ID compression with ratio � (0 < � < 1) to
minimize neighbor list overhead. The resulting complexity is

SMSG = O (((2m � 1) � r � � + Dm ) � n) : (8)

This analysis con�rms that MSG eliminates exponential vector duplication and mitigates neighbor list storage.

5 Search procedure

This section describes the online search process, covering the basic work
ow and query-aware acceleration techniques.

5.1 Basic search process

The search procedure (Algorithm2) follows the hierarchical paradigm of HNSW. Traversal initiates at the top layer
entry point and proceeds downward. At each intermediate layerl > 0, greedy search identi�es the optimal entry
point for the subsequent layerl � 1. Final top-k results are retrieved via greedy search on the base layer. At each
layer, the search process (Algorithm5) implements adaptive navigation guided by query properties. Speci�cally,
(1) it uses the query's vector combination to access the corresponding neighbor list, leveraging the on-demand
decompression scheme described in Subsection4.3; (2) greedy search decisions rely on the weighted aggregate
distance, calculated in real-time using query vectors and weights (Eq. (2)). This mechanism dynamically steers the
search path toward relevant results, enabling MSG to adapt to MVSdynamism.

Algorithm 5 Greedy search at layer l .

Input: Query q, entry point set E , result size k , layer l , graph index G;
Output: The top- k result set R found at layer l ;
1: R  E ; C  E ; V  E ;// Initialize results, candidates, and visited set with en try points
2: while C is not empty do
3: p  element in C closest to q;
4: Remove p from C ;
5: f  element in R farthest from q;
6: if g(p; q) > g ( f; q ) and jR j = k then
7: break // All candidates are worse than the worst result; terminate
8: end if
9: N p  Get neighbors( p; q:combination ; l; G ); // Fetch neighbors for the query's speci�c vector combina tion

10: for each neighbor e 2 N p do
11: if e =2 V then
12: Add e to V ;
13: f  element in R farthest from q;
14: if jR j < k or g(e; q) < g ( f; q ) then
15: Add e to R and C ;
16: if jR j > k then
17: Remove the farthest element from R;
18: end if
19: end if
20: end if
21: end for
22: end while
23: return R ;

5.2 Query-aware acceleration

While adaptive navigation is e�ective, distance computations dominate the search performance, accounting for over
91% of total search latency. To address this bottleneck, we extend the acceleration techniques to the online search
phase. The approximate and accurate computation optimizations (Subsection4.2) are directly applicable, as search
primarily involves comparing candidates against a dynamic distance threshold (i.e., the farthest neighbor in the
top-k set). Furthermore, MVS queries enable a unique optimization:weight-based prioritization. Since weights (wi )
dictate the impact of each vector on the aggregate score, we utilize them to guide incremental scanning. When
calculating partial aggregate distances, the algorithm prioritizes dimensions associated with higher weights. This
strategy accelerates early termination by focusing computation on high-impact components, signi�cantly reducing
the number of evaluated dimensions compared to weight-agnostic scanning.
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Table 2 Statistics of the experimental datasets. MIT-States+ is an extended version of MIT-States constructed via data augmentation.

Dataset n m D m # q t Dataset n m D m # q t

Recipe 1.3M 2 2048 10 4 1{2 MS-COCO 1M 3 1536 10 3 1{3

MIT-States 2.1M 6 3456 10 3 1{6 Shopping 1M 2 1024 10 3 1{2

CelebA 1M 4 2304 10 3 1{4 MIT-States+ 16M 2 1152 10 3 1{2

FashionIQ 1M 2 1024 10 3 1{2

Lemma 5 (Lossless query acceleration). Query-aware acceleration techniques, including weight-based prioritiza-
tion, are lossless and preserve search accuracy.

These methods optimize the execution order and pruning e�ciency of distance computations without altering
the exact values used for candidate ranking. Consequently, the correctness of the �nal result set is guaranteed. The
formal proof is omitted.

Complexity analysis . Search time complexity is O(� (n) � c2 � D t ), where c2 is the search-time candidate size
and D t is the total query dimension. Query-aware acceleration reduces the e�ective D t by minimizing the average
number of dimensions processed per calculation, directly improving search latency.

6 Experiments

This section evaluates the performance of MSG. Our primary objectives are to (1) demonstrate MSG's superiority
over state-of-the-art MVS methods, (2) validate robustness under diverse query workloads, (3) analyze scalability
regarding data size and vector count, and (4) quantify the e�cacy of the acceleration and compression techniques
through ablation studies.

6.1 Experimental setting

6.1.1 Datasets and query workloads

We utilize six real-world datasets, summarized in Table2, spanning various domains. Each object contains at
least two vector representations from distinct modalities or encoders. To evaluate scalability, we augmented these
datasets using generative models [36,37] to create larger versions that preserve original data distributions. For each
dataset, query sets are randomly sampled from the base data, with ground truth established via brute-force search.

To evaluate adaptability, we employ multiple query workloads. For the main performance comparison (Subsec-
tion 6.2), default queries utilize all available vector representations (t = m) with �xed weights, following standard
practices [19,20]. To assess robustness (Subsection6.4), we introduce alternative con�gurations, including varying
weight ratios, dynamic per-query weights, and partial vector combinations (1 6 t 6 m).

6.1.2 Compared methods

We compare MSG against a comprehensive set of HNSW-based baselines.
� VBase [ 19]: A vector database addressing MVS by performing round-robin scans across multiple single-space

HNSW indexes, re�ning results via on-the-
y aggregate distance computation.
� Milvus [ 20]: A widely-used vector database that merges candidate sets fromindependent searches and re-

ranks them using the no-random-access (NRA) algorithm [22].
� Merging [ 9, 21]: A foundational strategy executing independent searches on single-space indexes. Candidate

sets are consolidated and re-ranked via brute-force using full aggregate distances.
� Baseline : The all-combinations approach (Subsection2.3.2). To ensure fair comparison, it adopts the

performance-critical contiguous memory layout, necessitating vector duplication.
� MSG* : A variant of MSG with all acceleration techniques enabled but without neighbor compression, isolating

the performance impact of the core architecture.
� MSG : Our full implementation, incorporating all acceleration and Med-ID compression techniques.
To validate the superiority of the graph architecture, we also compare MSG against two non-graph methods

adapted via the \separate indexes + merging" strategy.
� FAISS-IVF : An inverted �le index implementation from FAISS [ 38]. Independent IVF indexes are built for

each subspace, with candidate lists fetched separately and merged for re-ranking.
� ScaNN : A state-of-the-art method utilizing anisotropic vector quantiza tion [39]. Similar to FAISS-IVF, we

aggregate and re-rank candidates retrieved from isolated ScaNNindexes.
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Table 3 Overall search performance of multi-vector queries across all datasets. For each dataset, we report Recall@10 (Rec.) a nd Latency in
milliseconds (Lat.). Best results are in bold.

Method
Recipe MIT-States CelebA FashionIQ MS-COCO Shopping

Rec. Lat. Rec. Lat. Rec. Lat. Rec. Lat. Rec. Lat. Rec. Lat.

Merging 0.38 3.0 0.36 4.2 0.51 9.5 0.31 5.6 0.34 16.8 0.12 0.6

Milvus 0.81 1,079.6 0.38 110.9 0.65 4,312.5 0.79 1,280.3 0.5 8 2,779.3 0.43 317.1

VBase 0.98 40.0 0.97 23.1 0.99 159.2 0.98 61.4 0.92 91.8 0.94 48.5

Baseline 0.99 3.3 0.99 8.1 0.99 7.8 0.99 9.1 0.93 18.8 0.94 10.7

MSG* 0.99 2.1 0.99 5.5 0.99 5.6 0.99 4.1 0.93 10.8 0.95 8.3

MSG 0.99 3.0 0.99 6.7 0.99 6.5 0.99 4.7 0.93 11.6 0.95 11.1

Table 4 Search performance of non-graph MVS methods (FAISS-IVF and ScaNN) using the \separate indexes + merging" strategy. Rec .
denotes Recall@10, and Lat. denotes Latency (ms).

Method Metric Recipe MIT-States CelebA FashionIQ MS-COCO Shopping

FAISS-IVF
Rec. 0.66 0.59 0.81 0.64 0.59 0.57

Lat. 53.9 160.4 47.5 19.5 44.5 14.6

ScaNN
Rec. 0.63 0.58 0.79 0.57 0.51 0.47

Lat. 1.8 5.1 2.7 1.2 1.8 0.9

6.1.3 Performance measures and implementation details

We evaluate performance using Recall@k (accuracy) and query latency (ms), presenting latency-recall curves to
illustrate trade-o�s. Key construction parameters (e.g., efConstruction , r ) were optimized via grid search on a
validation set to ensure the best latency-recall trade-o� for each method. All experiments were conducted on a
Linux server with an Intel Xeon E5-2650 v4 CPU and 128 GB RAM. Index construction utilized 48 threads, while
query execution was single-threaded, consistent with standard vector search benchmarks [32,40].

6.2 Overall search performance

Comparison with graph-based baselines. We evaluate search performance using the recall and latency results
in Table 3. Results con�rm the limitations of adapting separate single-space indexes. Merging and Milvus fail to
balance recall and latency, while VBase incurs high latency despite high recall. This demonstrates the performance
ceiling imposed by the space mismatch issue. In contrast, methods leveraging the all-combinations principle are
signi�cantly more e�cient. The Baseline con�rms the principle's e�ect iveness, achieving high recall (up to 0.99)
at low latencies, proving that an aligned index is crucial for MVS. Incorporating query-aware acceleration, MSG*
consistently achieves the lowest latency across all datasets. Forinstance, onMIT-States , MSG* (5.5 ms) outperforms
the Baseline (8.1 ms). Finally, MSG performs nearly identically to MSG* (6.7 ms), con�rming that its storage
bene�ts incur negligible performance impact. Compared to the bestprior method on MIT-States , MSG is 3:4�
faster than VBase (6.7 ms vs. 23.1 ms) with higher recall (0.99 vs. 0.97), validating the uni�ed design.

Comparison with non-graph baselines. Table 4 presents results under con�gurations tuned for maximum
recall. Both non-graph methods hit a severe recall ceiling. OnRecipe, while MSG achieves near-perfect recall (0.99),
ScaNN and FAISS-IVF yield maximal recalls of only 0.63 and 0.66, respectively, even with aggressive parameters.
Furthermore, FAISS-IVF incurs a substantial latency penalty (53.9 ms) for this suboptimal accuracy, whereas MSG
requires only 3 ms. This gap stems from the inadequacy of the \separate indexes + merging" strategy, con�rming
that a uni�ed structure is essential for high-quality MVS.

6.3 Indexing e�ciency and size

We evaluate o�ine costs, focusing on construction time and index size. Results in Figures8 and 9 use optimal
parameters from search performance tuning.

Indexing time . Figure 8 shows total build times. MSG* is consistently the fastest, demonstrating the e�cacy
of our indexing-aware acceleration (Subsection4.2). Conversely, separate-index methods (VBase, Milvus, Merging)
require longer build times, as they demand larger construction parameters (e.g.,efConstruction , r ) to compensate
for the space mismatch issue. The Baseline is prohibitively slow, re
ecting the exponential workload of constructing
2m � 1 independent indexes.
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Figure 8 (Color online) Indexing times. (a) Recipe; (b) MIT-States ;
(c) CelebA; (d) FashionIQ ; (e) MS-COCO ; (f) Shopping.

Figure 9 (Color online) Index sizes. (a) Recipe; (b) MIT-States ;
(c) CelebA; (d) FashionIQ ; (e) MS-COCO ; (f) Shopping.

Figure 10 (Color online) Di�erent weight ratios on the MIT-States
dataset. (a) 1:2; (b) 1:4; (c) 1:8.

Figure 11 (Color online) Dynamic weights at the per-query level.
(a) Recipe; (b) CelebA; (c) MIT-States .

Index size . Figure 9 compares memory footprints (excluding raw vectors). MSG consistently produces the
most compact index due to two factors: the smallerr required by its aligned architecture and the Med-ID com-
pression (Subsection4.3). Notably, even uncompressed MSG* is often smaller than VBase. This is because VBase
necessitates a signi�cantly larger r to ensure high recall, in
ating neighbor storage. The Baseline demonstrates
infeasibility, yielding indexes orders of magnitude larger than other methods, con�rming that vector duplication for
performance incurs unacceptable storage costs.

6.4 Analysis of robustness to query workloads

A practical system requires robustness to dynamic queries. We evaluate MSG and VBase across three dimensions:
weight distribution, active vector count, and result size.

Dynamic weights . We evaluated performance under varying weight ratios and per-query weights to simulate
dynamic user preferences. Figures10 and 11 show that MSG maintains stable performance across all con�gurations.
This empirically validates the adaptive navigation (Subsection 5.1), which utilizes dynamic weights to steer the
search. In contrast, VBase exhibits higher sensitivity to these variations.

Varying query vectors ( t) . To simulate diverse query complexities, we tested queries ranging from single-vector
(t = 1) to multi-vector combinations. As shown in Figure 12, the performance gap between MSG and VBase widens
as t increases. This highlights MSG's architectural advantage in processing complex queries involving multiple
vector components.

Varying result size ( k) . Applications vary in retrieval scope, from single matches (k = 1) to candidate lists
(k = 100; 200). Figure 13 demonstrates that MSG retains its latency advantage over VBaseacross all k values.
This con�rms MSG's robustness for both precise top-1 retrieval and broader list-ranking tasks.
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Figure 12 (Color online) Di�erent numbers of query vectors on the
MIT-States dataset. (a) t = 1; (b) t = 3; (c) t = 5.

Figure 13 (Color online) Di�erent number of search results on the
MIT-States dataset. (a) k = 1; (b) k = 100; (c) k = 200.

Figure 14 (Color online) Di�erent numbers of object vectors on the
MIT-States dataset. (a) m = 2; (b) m = 4; (c) m = 6.

Figure 15 (Color online) Di�erent data scales on the MIT-States+
dataset. (a) n = 4M; (b) n = 8M; (c) n = 16M.

Table 5 Index size and construction time with varying numbers of mod alities ( m ) on the MIT-States dataset. Bold values indicate the best
results.

m
Index size (MB) Neighbor size (MB) Construction time (s)

VBase MSG VBase MSG VBase MSG

1 5380 5283 295 198 1,121.92 774.86

2 10250 9613 1,098 460 2,908.09 1536.56

3 15884 15227 1,646 990 3,793.87 3109.47

4 22533 20360 4,228 2055 8,360.92 5041.57

5 33759 27536 6,301 4146 15,934.00 9276.43

6 39900 35719 12,443 8261 18,359.40 17274.03

6.5 Scalability analysis

We analyze the scalability regarding two factors: the number of vectors per object (m) and dataset size (n).
Number of modalities ( m) . Figure 14and Table 5 illustrate scalability as m increases. While search complexity

inherently rises with m, MSG's performance advantage over VBase widens. This trend stems from VBase's space
mismatch. As m grows, query combination spaces expand exponentially. VBase's single-space indexes become
inadequate, necessitating larger neighbor counts (r ) and longer search paths to maintain recall. In contrast, MSG's
uni�ed architecture aligns with the query space, resulting in signi�cantly slower performance degradation.

Data size ( n) . Figure 15 depicts search performance onMIT-States + scaling from 4M to 16M objects. MSG
demonstrates superior scalability. While VBase's latency increases substantially, MSG exhibits stable scaling. At
the 16M scale, MSG achieves a 96.5% latency reduction compared to VBase. This con�rms that MSG preserves
the logarithmic search complexity (O(log n)) characteristic of e�cient graph indexes, whereas VBase's multi-index
strategy scales poorly due to the increased overhead required tomaintain recall.

6.6 Ablation studies

We conduct ablation studies to quantify the impact of optimizations for indexing, compression, and search.
Impact of indexing-aware acceleration . Unoptimized construction is computationally expensive due to

distance calculation bottlenecks. Figure16 illustrates the cumulative impact of the three acceleration strategies.
Computation reuse (IA1) substantially reduces initial overhead. Importance-aware projection (IA2) prunes pro-
cessed dimensions, while accurate computation (IA3) optimizes remaining calculations. The fully optimized process
reduces total indexing time by over 80%, demonstrating that these techniques are essential for e�ciency.

Analysis of index compression . We evaluate the trade-o� between storage savings and performance. As
Figure 17 shows, all methods reduce neighbor storage by approximately 50%with negligible indexing cost. However,
query latency varies. Seq-ID incurs signi�cant penalties due to sequential decompression. In contrast, Mini-ID and
Med-ID introduce marginal overhead, validating their support for random-access decompression during traversal.
Med-ID is selected as the default scheme, as it achieves superior compression ratios while maintaining low latency.
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Figure 16 (Color online) E�ect of indexing-aware acceleration on
MIT-States . (a) Acceleration methods; (b) index processing time.

Figure 17 (Color online) E�ect of index compression on MIT-States .
(a) Compression methods; (b) search performance.

Figure 18 (Color online) E�ect of query-aware acceleration on MIT-
States. (a) Acceleration e�ect; (b) comparison of methods.

Figure 19 (Color online) Comparison of overall capabilities.

E�cacy of query-aware acceleration . Figure 18(a) shows the cumulative e�ect of search optimizations.
Compared to unoptimized search (w/o SA), applying approximate (SA1) and accurate (SA2) computation reduces
processed dimensions by 32.9%. Figure18(b) compares our approximate computation against state-of-the-art
methods. Our base method (Ours1) outperforms PDP [31] and ADS [28]. Furthermore, MVS-speci�c weight-based
prioritization (Ours2) yields an additional 29.5% reduction. This con� rms the e�cacy of leveraging dynamic query
weights for search optimization.

7 Further analysis and discussion

This section synthesizes key �ndings, discusses performance factors, and outlines limitations and future directions.

7.1 Summary of �ndings

Extensive evaluation con�rms MSG's superiority for MVS. Figure 19visualizes this qualitatively, comparing methods
across �ve dimensions: MVS performance, SVS performance, construction e�ciency, space saving, and scalability.
The chart illustrates that MSG uniquely excels across all criteria, whereas competitors exhibit signi�cant trade-o�s.
This advantage stems from an e�cient theoretical design, as summarized in Table 6. The Baseline su�ers from
exponential indexing costs (O(2m � 1)), while VBase and Milvus incur ine�cient search complexity factors (t or s).
In contrast, MSG's complexity re
ects targeted optimizations (re presented by � and � factors). It mitigates the
Baseline's exponential construction costs and o�ers better search complexity than separate-index methods. This
theoretical foundation directly translates to the performance gains observed in our experiments.

7.2 Limitations and future work

Results demonstrate MSG's e�ectiveness for common real-world MVS scenarios [9], which typically involve few
modalities (e.g., m = 2 for text-image pairs [18] or m = 3 for multi-view objects [ 20]). However, scenarios with
high modality counts (e.g., m > 10) present a challenge. As shown in our complexity analysis, the number of vector
combinations grows exponentially with m, creating inherent di�culties for comprehensive search. While MSG
manages this complexity better than counterparts (Table 5), addressing exponential scaling in high-m regimes
remains a fundamental MVS challenge.

MSG's architecture opens several research avenues. (1) Hardware acceleration: Adapting construction and search
algorithms to leverage GPU parallelism could enhance o�ine and online e� ciency. (2) Disk-based scalability:
Designing an I/O-e�cient layout for modern SSDs is crucial for scaling MVS to billion-object datasets. (3) Learned
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Table 6 Theoretical complexity comparison of di�erent MVS methods . Symbols are de�ned in Table 1. s denotes the number of search
iterations for Milvus. � 1 ; � 2 are time-saving ratios ( � < 1) for index construction and search, respectively. � indicates the space-saving ratio
( � < 1) achieved through index compression.

Method Indexing time complexity Space complexity Search ti me complexity

Milvus O(( � (n ) + r )c1 D m n ) O(( mr + D m )n ) O(sc2 D t � (n ))

VBase O(( � (n ) + r )c1 D m n ) O(( mr + D m )n ) O( tc 2 D t � (n ))

Baseline O(( � (n ) + r )c1 D m 2m � 1 n ) O(((2 m � 1) r + 2 m � 1 D m )n ) O(c2 D t � (n ))

MSG O(( � (n )m + 2 m � 1 r )c1 � 1 D m n ) O(((2 m � 1) r� + D m )n ) � O(� 2 c2 D t � (n ))

components: Integrating machine learning to predict optimal search paths or learn adaptive termination conditions
could further enhance e�ciency and accuracy [41]. (4) Optimization for extreme- m: To mitigate combinatorial
explosion, future work will explore workload-aware pruning. Instead of exhaustively indexing the full power set, the
system could selectively materialize neighbor lists for frequent combinations identi�ed via workload analysis. This
approach pragmatically trades theoretical exhaustiveness for operational scalability in extreme-m scenarios.

8 Related work

SVS. Vector search algorithms, or approximate nearest neighbor search (ANNS), identify the top- k nearest vectors
to a query within a dataset [42]. Current research categorizes these into four types: tree-based [43{ 45], hashing-
based [46{ 48], quantization-based [39, 49, 50], and graph-based methods [23, 32, 51]. Among these, graph-based
methods o�er an optimal e�ciency-accuracy balance [52]. While numerous studies have optimized graph algorithms
for external storage [25,27], GPU acceleration [53,54], and learned routing [55,56], this vast body of work assumes
a single-vector-per-object model. Consequently, these methods are not directly applicable to the emerging MVS
challenges [8] addressed in this paper.

Vector databases. The success of vector search has driven the development of specialized vector databases
like Milvus and Pinecone, which have become critical infrastructure for managing unstructured data in the LLM
era [5, 57]. While highly optimized for single-vector workloads, their MVS support is nascent, typically relying
on the separate-indexes strategy analyzed in Subsection2.3. As demonstrated, this approach is fundamentally
limited by the space mismatch problem. The lack of an e�cient MVS index ing paradigm remains a signi�cant
challenge [58,59]. MSG proposes a novel architectural foundation to directly address this limitation.

MVS. MVS concerns the e�cient retrieval of multi-modal or multi-view obj ects represented by sets of dense
vectors from distinct semantic spaces. A key challenge is handling queries with dynamic vector combinations and
explicit weights|a scenario identi�ed as critical yet challenging in rece nt research [8, 19, 20]. Current approaches,
such as VBase and Milvus, primarily focus on optimizing search strategies across multiple single-space indexes [19,
20], remaining constrained by their foundational architecture. To our knowledge, MSG is the �rst to propose a
uni�ed index architecture that transcends the separate-indexes paradigm to solve the MVS problem. It is crucial
to distinguish this speci�c MVS challenge from related areas extending beyond the SVS paradigm: (1) Hybrid
Search [60{ 62] combines dense and sparse vectors; (2) ColBERT-style Retrieval [63{ 66] handles multiple vectors
within the same semantic space where queries lack explicit per-vector weights; and (3) Filtered Search [67{ 69]
combines SVS with structured attribute �lters.

9 Conclusion

This paper addresses the MVS problem, a critical bottleneck in modern multi-modal applications. We proposed
MSG, a uni�ed multi-space graph index designed to resolve the fundamental space mismatch limitation of existing
approaches. By consolidating all vector combination spaces into a cohesive structure, MSG ensures theoretical
alignment between the index topology and dynamic query spaces. This design is rendered practical through a suite
of lossless acceleration and compression techniques tailored for MVS. Extensive evaluations demonstrate that MSG
decisively outperforms state-of-the-art solutions across search latency, accuracy, indexing e�ciency, and scalability.
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