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Vector databases have been widely used to implement similarity search over unstructured objects, e.g.,
documents and images. Each vector database is produced by an embedding model that encodes the objects in
a way such that more similar objects are embedded to closer vectors, allowing us to use top-k vector search
as an implementation of top-k object similarity search. It is common practice that different vector databases
use distinct embedding models and the same object may be encoded by different embedding vectors across
databases. As a result, one cannot share and integrate vector databases to expand similarity search across
datasets, a property we take for granted for relational databases. In this work, we attempt to break the barrier
between different vector databases, by developing an approach to integrating vector databases generated
by different embedding models, with neither any access to the encoded data objects nor knowledge of the
embedding models. Our approach is rooted in the local isometry hypothesis, a finding made via extensive
experiments on real-life embedding vectors, and is backed up by theoretical analysis that bounds the quality
of integrated vector database. Experimental results show that we can integrate vector databases produced
by various popular embedding models, e.g., NV-embed-V2, OpenAl Ada, GloVe, Mistral and FastText, while
offering high recall of top-k similarity search over the integrated datasets.
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1 Introduction

A vector database is a vector representation of a collection of unstructured data items, e.g., text and
images, such that more similar items are encoded by vectors that are closer in the vector space.
This allows us to use vector search over the encoded vectors to implement similarity search over
unstructured data. The mapping from data items to vectors is done via an embedding model, which
is often part of a neural network that is capable of accurately capturing the extent of dissimilarity
between data items via distances between the corresponding vectors that encoding them.

Advancements in embedding models have made vector search highly effective for text [14, 50, 65,
77, 92] and image [33, 34, 42, 81] retrival. This has led to widespread adoption of vector databases in
applications like recommender systems [52, 75, 89, 90] and retrieval-augmented generation (RAG)
for LLMs [22, 25, 73], where searches run constantly over curated embedding vectors.
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Fig. 1. What happens when we union two vector databases? (The union of vector databases embedded
by fi and f> is not a vector database of the dataset that would be embedded by f)

Vector databases cannot share data. Although vector databases are a widely accepted terminol-
ogy, they lack one of the fundamental properties of traditional databases — data sharing. Sharing data
in the form of a database across different parties has been an instrumental property taken for granted
by relational database system users. The property was even explicitly highlighted by System R, the
first database system [6] ever built. This allows us to collect and integrate data from multiple sources
databases [23, 28, 35, 64], and query the integrated data for a complete answer that covers all sources.

However, it is not so straightforward to share vector databases as they each is “encrypted” by
the embedding model that generates the vectors. The same data item is thus encoded differently
across vector databases generated by different embedding models. As a result, it does not make any
sense to union two vector databases, although this would enable us to share and integrate vector
databases from different embedding models of varying data sources. As illustrated in Fig. 1, simply
taking the union of two vector databases embedded by different models would render vector search
useless for similarity search over the integrated dataset, as it breaks the fundamental principle that
more similar items should be encoded by closer vectors.

Indeed, it is commonplace that different vector databases are embedded by distinct, customized
and fine-tuned embedding models. As pointed out by major industry vendors, finetuning embedding
models on in-domain data can significantly improve vector search and RAG accuracy, and significant
industrial effort has been devoted to make customizing embedding models efficient and accessible
to public users [20]. In addition, a substantial part of unstructured data are generated on edge
devices which use customized device-specific embedding models [15]. These diverse embedding
models produce a vast number of isolated, non-exchangeable vector databases.

Our vision. We aim to realize the vision of sharing and integrating vector databases from different
embedding models, even if we have access only to the vectors and are oblivious to the embedding
models. While data integration has long been a classic topic in our community and has been studied
for decades, it primarily deals with relational databases and does not help with vector databases,
which lack database schemas and use only numeric values that carry no explicit semantics.

Impact. We envisage that realizing this vision could benefit a range of directions, from practical
industrial settings to data sharing scenarios where explicit record sharing is either prohibited or
inefficient, yet there is still a need for collective searches and analyses. Below are a few examples.

(A1) Embedding backfilling. Aligning and integrating vectors across embedding models can help
with the embedding backfilling problem. As noted in [38], in industrial settings, the embedding
model is constantly updated, resulting in embedding vectors that are incompatible with historical
records over time. Moreover, historical versions of the embeddings can never be retired as they
remain used by legacy applications. As such, we need a system-wide overhaul to backfill vectors
and unify with all applications. Our vision could potentially help with this emerging industrial
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challenge [1], by making embedding vectors “talk” with each other without backfills.

(A2) Privacy-preserving federated image/document search. Privacy-preserving searching over un-
structured datasets such as images and documents managed by autonomous parties is challenging,
if not impossible at all. While privacy-preserving federated learning [45] offers various privacy
controls, it enforces all parties to use the same learned embedding model. Realizing our vision would
allow each autonomous party to use its own embedding model while still offering search over the
entire collection of datasets from all parties, without actually moving or revealing their data records.

(A3) Cloud-edge similarity search. It is common to have data residing in both edge devices and
the cloud, each independently embedded by different embedding models. A collaborative search
involves finding relevant e.g., images in the cloud that are similar to a query image on an edge
device. Sending the query image to the cloud would incur heavy communication costs and may
not be feasible due to privacy concerns. By bridging and integrating on-device embedding vectors
with those in the cloud, one would only need to send the query embedding vector for retrieval,
which is more secure and cost-efficient than sending the query image directly.

Prior work & challenges. Realizing the vision is challenging. Previous work on vector databases
and similarity search mostly focuses on efficiency by designing vector indices [7, 26, 60, 61] and
building dedicated vector database systems [11, 32, 67, 83, 86]. They offer little help in dealing
with the interoperability between vector databases from different embedding models. As an added
challenge, we aim to integrate vector databases by examining the embedding vectors only. This
implies that we cannot reconstruct a global vector database by re-embedding data items, nor train
a model to learn a mapping between the embedding models from the dataset.

Towards vector database integration. As a first attempt to realize this vision, we present a data-
driven approach to aligning and integrating vector databases generated by different embedding
models. It is based on a simple hypothesis: if two embedding models capture the same similarity
over the same data items, their geometric shapes in the high-dimensional vector space should be
approximately isometric. However, via extensive experiments over real-life embedding vectors, we
find that the hypothesis does not hold globally but applies to local regions of the vector database
where distances between vectors are relatively short. We refer to this phenomenon as the local
isometry hypothesis and verify its existence in benchmarks.

The hypothesis gives us a method to combine vector databases across models. The idea is to
use vectors that encode the same data items across the two vector databases as references. Such
references can be obtained via e.g., known correspondence between different embedding versions
in backfilling scenarios, data linkage in datasets, or by querying remote embedding models via
sampled vectors. We then compute a collection of local isometries that align the references across
databases, and use them to integrate new vectors that are not references.

We find that the effectiveness of local isometries for transforming and integrating new embedding
vectors is strongly connected to their scopes and determining the scopes of local isometries for
integrating different vector databases is a central problem underpinning the approach. To tackle
this, we prove an upper bound of the integration error of local isometries, which connects the scope
of isometries to the singular values, intrinsic dimensions and conditioning of the vector database
viewed as a matrix of column vectors. Such connection gives us guidelines for determining the best
scopes of isometries of a given pair of vector databases. Using benchmarks, we show that our method
can integrate vector databases across major embedding models, e.g., OpenAl Ada, GloVe, Mistral,
NV-embed-V2 and FastText, while offering high recall of top-k search over the integrated data.

Organization. In Section 2, we propose the idea of integrating vector databases and present the
initial isometry hypothesis. We evaluate the hypothesis in Section 3 and consolidate it into the
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Fig. 2. Drawing parallel between image correlation in computer vision (a) and vector database
integration (b-c): (a) fuses two images into one by taking the cat as reference to compute a rigid motion
(X — Y) thatrotates, reflects, scales and translates the first image and fuses it with the second. (b) Hypothesis A
assumes global consistency between between D;[0On] and D2[On]; by treating On as the cat in (a), we
determine an isometry fis, to transform 9; and integrate it with Dj3. (c) Hypothesis B acknowledges that
vector databases do not have global geometry consistency for On; it instead suggests that we exploit multiple
local isometries between D1 [On] with D2[On], enabling integration even if Hypothesis A does not hold.

revised local isometry hypothesis in Section 4.1, based on which we develop our vector database
integration framework (Section 4.2). We prove an upper bound on the integration error of the
framework (Section 5), which guides its implementation (Section 6). We experimentally verify the
effectiveness of our approach with 5 public datasets and 6 major embedding models (Section 7). We
discuss additional related research in Section 8 and conclude in Section 9.

2 Integrating Vector Databases

Vector databases. Denote by U the universe of data items, of which the dissimilarity between
items is measured by function dsim. Let O be a subset of U. An embedding function emb for O w.r.t.
dsim maps items in O to high-dimensional vectors R? such that [x; — x| encodes dsim(oy, 0;) for
any o0y, 0, € O with emb(0;) = x; and emb(0;) = x2, where |x; — x3| denotes the distance between
x; and x; in R?. We refer to emb(0), i.e., Uy oemb(0), as a vector database of O with emb w.r.t. dsim.

The goal of vector databases is to implement top-k similarity search: given item o € O, find k
most similar items in O w.r.t. dsim, by searching for k vectors in emb(Q) that are nearest to emb(0).

In practice, vector distances in emb(QO) are not exactly equivalent to dissimilarity of embedded
items. Hence, |x; — X;| is only an approximation of dsim(o, 0z) as long as top-k vector search
over emb(Q) implements top-k similarity search sufficiently accurate.

Vector database integration. Let O; and O, be subsets of U, i.e., two different datasets. Denote
by D; (resp. D) the vector database of O; (resp. O;) with embedding function emb; (resp. emby)
w.r.t. dsim. The integration of D, and D is a function 7~ that takes as input only vectors of 9, and
D,, and returns an vector database 7 (D1, D;) of O; U O, with some embedding embs w.r.t. dsim.

Intuitively, 7 seeks to combine separate vector databases 9, and D, into a merged database
Dy, that encodes dsim of data across O; U O; via some embedding function embg-. This implies
that, for any items o, 0" € O; U Oy, vector distance |embg(0) — emby(0")| in Dy, is, approximately,

o |lemb;(0) — emb;(0”)| if both 0 and o’ are in O; (agrees with D;);
o |emby(0) — emby(0’)| if both 0 and o’ are in O, (agrees with D,);
o dsim(o,0’) if 0 and o’ are from different datasets.

If this is doable, it would allow us to construct a global vector database for a federation of disparate
datasets without accessing their raw data records. We can then expand top-k similarity search from
a single dataset to the whole federation, via top-k vector search over the integrated vector database.

While this is desirable, it is however challenging to find such a function 7 for a few reasons.
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(a) 7 must combine D, and D, into a vector database for O; UQO, w.r.t. dsim by operating on 9, and
D, only, without accessing O; or Oy, nor should it be aware of their respective embedding functions.

(b) It has to capture both emb; and emb, by agreeing on their vector distances for O; and O,,
respectively, rather than only fitting 9; (emb;) into D, (emby). This is crucial as we need to retain
accurate top-k similarity search over items only in O; or only in O,, and generate dissimilarity
between items across O; and O, that has not been encoded in either D; or D,.

(c) Top-k search is particularly sensitive to short distances as it typically involves finding a limited
number (k) of results that are close to the query vector. Consequently, even minor variations in these
short distances can significantly impact the search results, even when the global distribution of
the dataset remains unchanged. This indicates that 7~ must preserve short distances in 9; and D,.

(d) Most critically, the integration of 9; and D, is not always guaranteed. This assumes that both D,
and D, encode the same dsim over their respective datasets O; and O,. Even when they do, O; and
O, have to be associable for 7 to exist. We cannot infer or generate the correct dissimilarity between
data items across O; and O, if they have no overlapping items, as 7 is only exposed to the encoded
dissimilarity between items both within O; or both within O,. When D; and D, are disjoint or
overlap too little, there is too weak an association between them to determine if ; and D, observe
the same dissimilarity function dsim, thus not able to establish function 7~ to integrate 9; and D;.

Remark. In practice, vector distances are only approximations of the dissimilarity between embedded
data items. Thus, whether D; and D, are valid databases or if their encoded dissimilarity dsim
and dsim; agree over O; U O, depends on our tolerance for the inaccuracies of vector distances,
which ultimately is reflected in the accuracy of approximating top-k similarity search. To simplify
presentation and focus on the main technical challenge of finding 7, we will always assume that
D, and D, can be integrated, and we will reflect the different extents of mergeability by their top-k
similarity search accuracy over benchmarks with curated ground truth.

Hypothesis. From the discussion above, we know that for 9; and D, to be mergeable, O; and O,
must share sufficiently many data items, i.e, On = O; NO; is sufficiently large, and D; and D, shall
agree on dissimilarity over On. This seems to suggest that D;[On] (vectors of D; that encode On)
and D;[On] are approximately isometric [31]: there exists a distance-preserving bijective mapping
fiso between D1 [On] and D;[On]. This motivates us to consider the following hypothesis.

Hypothesis A [The Isometry Hypothesis]: (1) The geometry shapes of vector databases for
the same set O of data items embedded by different functions emb; and emb, are likely isometric.

(2) If emb; and emb, embed O into isometric vector databases, they will also likely embed data
items close to those in O into vectors that have approximately isometric geometry shapes. O

If Hypothesis A(1) holds, we then know that 9; and D, embedded by emb; and emb,, respec-
tively, agree on the dissimilarity over On. With sufficiently large On, this implies that D; and D,
encode the same dsim over their respective datasets O; and O,. When Hypothesis A(2) also holds,
this means that emb; would agree with vector distances in D; if it were used to embed O; \ O;.

Align-to-merge. This is particularly helpful as it suggests an “align-to-merge” (A2M) function 7~ to
integrating D, and D,: we first compute the isometry fi, that maps D;[On] to D,[On], and then
use fiso to transform and merge D; into D,, yielding the integrated vector database as fiso(D;) U
D,[0n]), where D,[On] are embedding vectors of D, that do not correspond to items in On.
This gives us an integration function 7~ that only transforms 9; while keeping 9, intact, i.e.,
embg is exactly emb,. Thus one can then use vectors embedded by emb, as queries to search the
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Fig. 3. Are real-life vector databases (approximately) isometric?

integrated database. Moreover, the isometry fis, is easy to deduce by aligning D;[On] with D,[On ]
via embedding alignment, a core task in robotics (rigid motion transformation) [3], computer vision
(Procrustes Analysis) [69, 76] and cross-lingual word embedding alignment [5, 44, 63, 74]. We illus-
trate such integration function 7~ by drawing parallel with image object correlation in Fig. 2 (a-b).

3 Evaluating the Isometry Hypothesis

While we have a viable solution for vector database integration by making a connection with
embedding alignment via isometries, it critically depends on the assumption that Hypothesis A
holds for vector databases, which we will examine closely next. Specifically, we aim to answer two
questions (Q1) and (Q2) below, corresponding to part (1) and part (2) of Hypothesis A, respectively:

(Q1) Do different embedding models generate (approximately) isometric vectors of the same data?

(Q2) How well does top-k vector search perform over the integrated vector databases based on
the align-to-merge approach suggested by Hypothesis A (as also illustrated in Fig. 2b)?

3.1 Are Vector Databases Isometric (Q1)?

We first examine question (Q1) to see if the same dataset (i.e., On in Section 2) has approximately
isometric vector representations embedded by different models. We use two evaluation methods: (a)
we visualize vector databases of the same dataset with T-SNE [78] and examine if their visualizations
are isometric; and (b) we compare the top-k similarity search results implemented by different
vector databases of the same dataset. We used both image and text data.

(1) Visualizing vector databases. We first visualize two vector databases embedded from the
CIFAR-10 dataset, which is commonly used for evaluating image classification methods [47].

More specifically, CIFAR-10 consists of consists of 60,000 color images categorized into 10 distinct
classes. We use all the images as the set O of data items, and generate two vector databases emb; (O)
and emb, (O) of O with ResNet [37] and DenseNet [39], respectively. The T-SNE [78] visualization
of emb; (O) and emby(O) is shown in the Fig. 3a. Vectors of images from the same category are
highlighted in the same color in both vector databases, and are numbered from 0 to 9. We examine
the proximity between the classes in the T-SNE visualization of both vector databases such that
small noises in the embedding vectors are subsumed within the classes.

Observation. If Hypothesis A holds, we would see that the classes are distributed similarly in the
visualization across the two vector databases. However, this is not the case as shown by Fig. 3a. For
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instance, class 8 is closer to class 9 than class 5 in VGGNet embedding vectors, while the opposite is
shown in DenseNet. This shows that, VGGNet and DenseNet vectors are not isometric even if we ig-
nore perturbation in short vector distances and zoom out to the class level to subsume distance noise.

(2) Consistency of top-k similarity search. We further examine the isometry hypothesis by
looking into the consistency of top-k similarity search. The rationale is simple: if two vector
databases emb; (O) and emb;(O) of the same dataset O produced by embedding models emb; and
emb,, respectively, are isometric, for any query item q € O, its top-k similarity search, implemented
as top-k vector search of emb; (q) over emb; (O) and that of emb; (q) over emb, (O) shall be consistent
and identify the same objects that are deemed as the most similar to ¢ in O, where emb;(g) and
emb;(q) are the vectors of 0 embedded by emb; and emby, respectively.

To do this, we use the SciFact text dataset [80] as O, which consists of 6,000 scientific article
abstracts. We use embedding models NV-Embed-V2 [50] and OpenAI-Ada [66] as emb; and emb;
to create two vector databases emb;(O) and emb;(O) for SciFact, respectively. To measure the
consistency of top-k search results, we use Jaccard Index [17]. Specifically, for an item q € O,
let Ry € O be the k items that are encoded by the top-k vector search results with query vector
emb; (g) over emb; (O); similarly, let R, € O be the items identified by emb;(q) over embz(O). Then
we define the consistency of top-k search with emb; (O) and emb,(O) for q as the Jaccard Index of
sets R; and Ry, calculated as |[R; N Ry|/|R; U Ry|.

Intuitively, the consistency of top-k search with emb;(O) and emb,(O) ranges in [0, 1] and a
larger consistency ratio indicates a higher degree of alignment between the retrieval outcomes
from the two different embedding representations of O.

Observation. Figure 3b shows the average consistency ratio between top-k results over NV-Embed-V2
vectors and Openai Ada vectors for 10 random query questions, with varying k. The results tell
us that Hypothesis A does not hold for NV-Embed-V2 and OpenAI-Ada embedding vectors, as
the consistency between search results over NV-Embed-V2 and OpenAI-Ada embedding vectors is
mostly low (around 0.5), unless k is very small (e.g., less than 5).

Answer to Q1. From these experiments, we observe that vector databases of the same set of data
items are not necessarily isometric if they are generated by different embedding models. Moreover,
from (1) we can see that this non-isometric phenomenon cannot be simply attributed to embedding
noises that purturbate the “positions” of the vectors in the space as they are not isometric even if
we zoom out and view the dataset from a quite coarse resolution.

3.2 Vector Search over Integrated Databases (Q2)

We next examine evaluation question (Q2) to see how well top-k vector search performs over the
integrated vector database produced by align-to-merge approach sketched in Section 2. We first
present the approach in detail and then evaluate its performance for Q2.

Align-to-merge (A2M) for vector database integration. Recall notations from Section 2 that
O and O; are two sets of objects, encoded by two embedding functions emb; and emb, as vector
databases D; and D,, respectively. Let On = O; N O,. Denote by X and Y the vectors in D; and D,
that encode objects in O, respectively. Assume w.Lo.g. that X = {x1,...,xn}and VY = {y1, ..., ¥Ym},
and vectors x; and y; encode the same object in O, (i € [1, m]).

The align-to-merge (A2M) approach operates in two steps. In the first step, it computes a best
fit isometry function fi, from X to Y, as shown in Fig. 2b, to align D; with D, by using the fact
that their subsets X and Y encode the same objects in On. According to Hypothesis A, when O is
sufficiently large, it gives us a mapping fis, that determines an integration of D; into D, as fiso (D1)U
(D, \ Y), serving as an approximation of the vector database that emb, would generate for On.
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Following Procrustes Analysis in computer vision [69, 76] and cross-lingual word embedding
alignment [44, 74], fiso can be formulated as f(x) = s*R(x+t), where R is an orthogonal matrix of di-
mension dxd that represents rotation and reflection, t is a d-dimensional vector for translation, and s
is for uniform scaling, and finding the best fs, that maps X to Y reduces to an optimization problem:

argmin 3.7, [sR(x; +1) - yil, (1)
s,Rt

where |.|| is the L2 norm of vectors. Intuitively, fis, transforms X via isometry (i.e., R and t) extended
with uniform scaling (i.e., s) such that vectors of X are best aligned with their targets in Y/, with the
sum of square of mis-alignment distances minimized. When X is exactly isometric to Y, fiso(X;) is yi.

A nice property of this formulation is that it has a closed-form optimal solution. Let the SVD
(Singular Value Decomposition) [24] of Y XT be UXVT, where we view X as a d X m matrix with
x;(i € [1,m]) as column vectors; similarly, Y is a d X m matrix that has yy, ..., y,, as its column
vectors. Then fi, is determined by the optimal R, t and s as fiso(X) = Sopt * Ropt (X + topt):

o Ropt = UVT, where SVD(YXT) = UsVT,
0 Sopt = trace(2) /trace(XTX), and

0 topt =y — X, where x = 312, x;/mand y = 37", yi/m.

Evaluation of Q2. We next examine evaluation question (Q2) to see how well top-k vector search
performs over the integrated vector database fiso(D1) U (D, \ V) computed by A2M.

To do this, we use four public text retrieval benchmarks [77], each consisting of a set of text
documents along with built-in query-answer pairs (g, ans), where q is a query text and ans is the
ground-truth answer documents to g validated by the benchmark.

We randomly partition each dataset into O; and O, with O; N O, containing randomly picked
documents accounting for 1/3 of the dataset size; built-in benchmark ans documents are evenly
distributed in O; and O,. We then use two embedding models emb; and emb, to encode O; and
O,, respectively, as D; and D,. Denote by D1, the database computed by A2M, by integrating D,
into ;. We evaluated the quality of D, by the recall@k of top-k vector search with query vector
emb,(q), i.e., the vector of ¢ embedded by emb,. Here recall@k is the percentage of (g, ans) pairs
with ans documents identified by the top-k vector search with emb;y(g) over Djs.

The results of for various emb; and emb, models are shown in Table 1 (without the part shadowed
in gray; see more in Section 7). Here Union is a baseline that directly takes the union of 9D; and
Dy: ie., it uses identify function as fi, in the A2M framework.

The results show that text retrieval quality over vectors integrated by A2M is similar or even
worse (e.g., on SciFact benchmark [80]) than that of Union. Indeed, Union guarantees that all ans
documents that are distributed only in O, are recalled via emb,(q) over the integrated database,
since all vectors of ©; would be disregarded during retrieval as they are far away from vectors of
D,. On the other hand, A2M transforms and places vectors of D; in close proximity to vectors in D,
which can affect the recall performance over integrated database if they are not perfectly placed.

Answer to Q2. We observe that integrating 9, into D, based on the Hypothesis A (via A2M) does
not help improve the recall of vector search over D, even though integration expands similarity
search across datasets. As we will see in Section 7, the results are similar even if we replace the
simple isometry fis, with more sophisticated or even non-linear learned embedding alignment
functions. This is consistent with the evaluation result of (Q1) that suggests different embedding
vectors of the same objects On are not really isometric, rendering fiso(91) inaccurate for D;.
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Table 1. Recall@100 over integrated vector databases

Dataset
emb; Vs emb, method - -
SciFact  NFCorpus  ArguAna  SciDocs
Union 26.33 13.62 30.34 10.80
FastTextvs | on 1833 8.05 25.91 5.70
NV-embed V2 T N ' s
LA2M 76.67 34.06 64.60 39.30
Union 32.00 14.24 28.19 16.70
NV-embed vs y
K A2M 32.00 14.24 28.19 16.70
Openai Ada o - - o
LA2M 79.33 35.29 85.22 11.10
Union 31.67 18.27 28.48 19.60
gteQwenzvs |, 32.33 15.48 28.48 18.40
NV-embed V2 o IO ’ '
LA2M 85.33 31.27 86.65 14.60
. Union 32.00 15.17 28.19 17.60
Mistral vs
o | Ad A2M 27.00 10.84 29.91 12.60
nait
pena a LA2M 76.67 34.06 79.23 42.00

4 Hypothesis Revisited for Vector Database Integration

From Section 3, we observe that Hypothesis A does not necessarily hold for vector databases. As a
result, one cannot simply reduce the integration of vector databases to an application of existing
embedding alignment techniques via A2M as this would yield an integrated database that cannot
accurately implement top-k similarity search.

To rectify this, we first re-examine the hypothesis, showing that all we need to make Hypothesis A
work for vector databases is a simple condition on vector distances of concern (Section 4.1). Based
on it we then develop a new integration framework (Section 4.2).

4.1 Hypothesis: From Global Isometry to Local Isometries

We have seen from Section 3.2 that the integration of vector databases D; and D, for data items of
O and O,, respectively, cannot serve as a vector database that encodes the universe O; U O,, as
shown by the performance of A2M in Table 1. This is mostly due to that different embedding models
produce non-isometric vectors for common data items in O; N O, as shown in Fig. 3a of Section 3.1.

However, we are not completely fruitless. In fact, the experimental findings, especially those in
Fig. 3b, seem to suggest that different embedding models behave quite consistently for short distances.
Such short distances are also the key to implement accurate top-k similarity search for reasonable k.

As shown in Fig. 3b, over SciFact dataset when k is small, e.g., less than 5, top-k document retrieval
results with NV-Embed-V2 embeddings and those with OpenAI-Ada are almost identical, with Jac-
card Index consistently approaching 1. When k increases, this consistency between NV-Embed-V2
and OpenAI-Adadecreases significantly. This seems to suggest that NV-Embed-V2 and OpenAI-Ada
encode closely related documents via consistent short vector distances, despite that they are entirely
different embedding models. We capture this observation via a new hypothesis below.

Hypothesis B [The Local Isometry Hypothesis]: The global isometry hypothesis (Hypoth-
esis A) holds within local regions of vector databases comprised of vectors with short distances. O

To validate if this holds, we first visually examine local structures of vector databases embedded
by FastText [8] and NV-Embed-V2 [50] for the SciFact dataset. The zoomed-in T-SNE visualization
of a query and its 10 nearest neighbors is shown in Fig. 4, where the left side depicts the distribution
of results identified by top-10 vector search over FastText embedding vectors, and the right side
shows the results of NV-Embed-V2 vectors. It is not difficult to see that the distribution of the top-k
vector search results of the two embedding models are strikingly similarly: they produce exactly
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Fig. 4. A zoomed-in T-SNE view of a query (%) and its 10 nearest neighbors in SciFact (left shows the
results over FastText [91] embeddings and right depicts NV-Embed-V2 [50] results.)

the same list of top-10 most similar SciFact documents, and these answers form an approximately
isometric shape in the vector space. This seems to suggest that Hypothesis A(1) indeed holds in
this local region of SciFact vectors embedded by FastText and NV-Embed-V2

To further evaluate if Hypothesis A(2) holds in local regions as Hypothesis B states above,
we note that Hypothesis B naturally suggests a new approach to integrating vector databases
produced by different embedding models, which we refer to as localized A2M (denoted by LA2M and
illustrated in Fig. 2c): (1) we first decompose vector databases into clusters of vectors that have
short inter-distances; (2) we then apply A2M of Section 3.2 independently to each cluster.

We then test the accuracy of integrated vector databases computed by LA2M, by using exactly
the same setting as we evaluate A2M in Section 3.2. The results, as highlighted in gray in Table 1,
show that LA2M significantly boosts the accuracy of A2M. For instance, its recall@100 of document
retrieval results over integrated vector databases is consistently more than double of that of A2M
and Union (see more results in Section 7). This further confirms that Hypothesis A(2) indeed holds
in local regions of vector databases. These findings indicate that, for real-life vector databases,
Hypothesis B is significantly more valid than Hypothesis A.

4.2 A Framework for Vector Database Integration

We next describe framework LA2M in detail, showing how we make “localized” use of embedding
alignment to best exploit Hypothesis B for better integrated databases. We also point out key
technical challenges in using LA2M, which we will tackle in subsequent sections.

Framework. LA2M takes as input two vector databases 9; and D, and produces an integration map-
ping function 7~ such that 7 (D;)UD, serves as an integrated vector database for data items encoded
by D; and D, taken together. Here D; and D, are possibly generated by two different embedding
models emb; and emb,, respectively, for data item collections O; and O,; however, LA2M assumes no
access or knowledge to either emb; or O;(i € {1,2}) when computing the integration function 7.

It does so by exploiting reference vectors between D, and D;: pairs of vectors that encode the
same objects, i.e, X and Y in A2M of Section 3.2. Reference vectors are abundant in scenarios
where we need to integrate vector databases, as databases must be relevant so that integration is
beneficial. Typical sources of references include known correspondence in embedding backfilling,
domain knowledge, or data linkage results. In case they are not know as a priori, LA2M allows to
automatically deduce such references (Section 6).

More specifically, LA2M integrates D; into D, in three steps:

Step (1): Grouping. It first groups the reference vectors X in s into clusters Xi, ..., Xp, each with
vectors that have short inter-distances. Denote by Y; the set of matching vectors of X; in Y of D,
(i € [1,n]). Note that the clusters do not have to be disjoint.
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Step (2): Alignment. Following Hypothesis B, LA2M deduces a collection of isometries to align the
reference clusters independently. For each pair X; and Y;, it invokes A2M to compute an isometry
fiéo that aligns X; to Y; as discussed in Section 3.2. One may also replace A2M with other embedding
alignment variants; we use isometries here as they are easy to compute and offer us a provable
bound on the quality of integrated vector database as we will see in Section 5.

Step (3): Merging. LA2M decides the integration mapping 7 for D; with local isometries computed
in step (2). Specifically, for any vector x in D4, 7 (x) maps x according to the position of x:

(a) x is a reference vector. When x is a reference vector in a cluster X; grouped in step (1), 7
maps x to the vector y in Y; of D, that encodes the same data item as x does in X; of D;.

(b) x is a non-reference vector. Otherwise, x is a non-reference vector in 9; that needs to be
mapped to the vector space of D,. 7 does so by picking X« with centroid c;- that is closest
to x among all reference clusters, i.e., j* = argmin,c[; ,) [c; — x|, where ¢;- = erxj* x/|Xj+|.

It then uses féo to map x to Dy, i.e, T (x) = iio(x).
Finally, LA2M returns 7 (D7) U (D, \ V) as the integrated database. With access to D; and D,

only, LA2M expands the scope of top-k similarity search from over only data items encoded by D,
to over the universe of objects encoded by D; and D, taken together.

Benefits & implications. As shown in Table 1, LA2M enables us to integrate vector databases
across embedding models, realizing cross-dataset similarity search. It also has diverse implications.

(1) Model & object oblivious. LA2M merges vector databases without integrating the data items
encoded by the vectors, nor requiring access to the embedding models. Such obliviousness to the
actual encoded datasets and embedding models makes LA2M a perfect fit for cases where we cannot
freely share objects but still want to search across datasets, e.g., when sharing data objects can be
expensive such as in edge devices or restricted due to privacy constraints.

(2) Vector index invariant. LA2M not only transforms and maps vectors of D; to D;, it can also
directly transforms vector indices built atop Dy, e.g., IVF and HNSW, to the transformed vectors in
D, space. This is because LA2M uses isometries to align and merge vectors. In addition to preserving
similarity search over 9, isometries can also transform IVF and HNSW over D, as they are based
on vector distances which are preserved during the merging step.

Key factors & challenges. The quality of the integrated database 7 (D;) U D, heavily relies on
the following two factors of LA2M:

o Availability of references X € D; and Y C Ds.
e Scope of isometries: grouping X in to Xj, ..., X,.

LA2M decides the isometries by analyzing reference vectors X and Y across D; and D;,. Such
references are available from domain knowledge on the datasets, or can be deduced by employing
entity linking methods [10, 71]. The rationale is that when we want to integrate D, and D, the
data items encoded by them must be correlated; such correlation offers potential for the existence
of linkage across the datasets, which, mapped to the vectors, gives us the reference vectors X and
Y. In the worst case where X and Y are not available, we develop an interface for LA2M to actively
generate references with minimum access to the datasets (Section 6.2).

Even more challenging is to decide how we shall group X into local clusters Xj, ..., Xj, to
maximize the quality of integrated vector database 7 (D;) U D,. As shown in Fig. 5, the scope
of X; evidently affects the errors that LA2M produces in step (2) and step (3), which we refer to as
the alignment error a and integration error f3, respectively. To deal with this, we first theoretically
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Fig. 5. #-clusters of X vs alignment error  and integration error f. (alignment error a: distance
between fiio (x) and y when x € X corresponds to y € Y; (step (2) error); : distance between 7 (x) and the
vector would have been embedded by emb; (step (3) error). X is grouped with k-meaning clustering.)

analyze and bound the errors on mappings 7 (x) of vectors x € D in Section 5, based on which
we then discuss how LA2M breaks down X in Section 6.1.

5 Bounding the Quality of Integrated Vector Databases
To decide key design factors of LA2M, we study the quality of integrated vector databases.

Quantifying integration quality. We first consider metrics to quantify the quality of vector
databases integrated by LA2M. While recall@k as reported in Table 1 (and also Section 7) is a standard
choice for similarity search, it is sensitive to the curated query-answer samples built in the bench-
marks; moreover, its empirical nature offers little insight in the source and properties of the errors.

To this end, below we use vector distances directly to quantify the error of every transformed
vector of D; in the vector space of D,. Recall from Section 4.2 that LA2M transforms vectors of
D, embedded by model emb; and merges them into database 9, embedded by model emb, via
function 7, in the form of a collection of isometries. Each isometry fléo is determined by a local
cluster X; of reference vectors that corresponds to its counterpart Y; in D5.

Integration error (f). Consider an arbitrary non-reference vector x of D;. We call 7 (x) its image
w.rt. 7 in the space of D;,. Let oy be the data item that it encodes in D;. Then the integration error
B(x) of T is the distance between 7 (x) and emb;(0x), i.e., the imagined “ideal” vector that emb,
would have generated in D, if it were asked to embed oy. It should be noted that emb, (o) is a
hypothetical vector that is not part of D;, but it resides in the same ambient space.

Note that the integration error § is defined for all vectors of D, and reflects the divergence
between the integrated vectors and their “ideal” position in the vector space of D,. As shown in
Fig. 5, it is sensitive to how we group references X of D in step (1) of LA2M.

To reveal their connections, we further delve into the contributing factors of S. In particular, the
integration error of x, i.e., |7 (x) — emb,(0y)|, is the combined effect of two sources of errors:

e Model disagreement: the inherent difference between emb; and emb,, i.e., even if both models
embed the same dataset, their produced vector databases would not align with each other.

e Merging error: the “generalization error” of isometry f! determined by references X; for
transforming and integrating vector x that are not in X;.

Intuitively, model disagreement is inherent to embedding models and is hence constant w.r.t. any
given D; and D,. Computationally, this is reflected by that even the optimal isometry f; éo cannot ex-
actly align all references in X; of D to their images in Y; of D, by step (2) of LA2M. Hence, the optimal
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Fig. 6. Errors when using fi;, deduced from reference X; — Y; to map vector z ¢ X;. (1) fiso(2):
mapping of z by our isometry fiso; (2) fis, (2): z mapped by the optimal isometry f;*  that agrees with our fis,
on X;. (3) emby(0z): the envisaged embedding of 0, by emby, where o, is the data item encoded by emb; in D;.
The distance ||(1) — (2)|| = || fiso(2) — fI:O(Z)H corresponds to the merging error (model-independent), while

[1(1) = (3]l = |l fiso(z) — embz(0z)|| is the integration error (depends on emb; and emby).

alignment error of Equation 1 in step (2) of LA2M can be an indicator that helps decide if D; and D,
can be integrated: if there are clusters X; that cannot be aligned with Y; with small alignment error,
Dy and D, may capture different similarity or irrelevant datasets and thus should not be integrated.
On the other hand, merging error originates from the way we integrate 9 and D, and is what
we aim to minimize in LA2M. We next define the notion and deduce an upper bound of the error.

Bounding merging error. As depicted in Fig. 6, the merging error of a non-reference z, denoted by
0(z), is the distance between fis,(z) and f_(z) in the vector space of Dy, i.e., | fiso(2z) — fi2. (2)[, where

(@) fiso is the isometry determined by LA2M over X; and Y, i.e, the optimal isometry that aligns
local references X; of D to Y; of D, with minimum sum of squared errors (i.e., Equation 1);

(b) f, is the optimal isometry that aligns larger locally isometric regions X; and Y; of D; and

D, vector spaces, where Xi consists of reference vectors of X; and non-reference vectors z
mapped by fiso (in step (3) of LA2M), and Y; = Y; U {emb(z) |z € X; \ X;}.

Intuitively, fis, is the optimal isometry that LA2M computes in step (2) via references X; and Y;,
and f  is the optimal isometry that would be determined by mapping the larger reference sets X;
and Y;. Note that Y; contains hypothetical vectors that emb, would generate for data items encoded
by non-reference vectors integrated by fis, in step (3) of LA2M.

We next state our main result, an upper bound on §(z) in terms of (a) the alignment errors of fiso
and f;; on references X; and Y;, and (b) the distance between z and the centroid cx of X;.

More specifically, the alignment error of fis, on X; and Y; is the total alignment errors of reference
vectors in X; w.r.t. fiso, calculated by Yy x, [ fiso(X) — y|? (Equation 1), where x € X; corresponds
toy € Y, ie, they encode the same data item; similarly for £ . Denote by a and a* the alignment
errors of fis, and £ on (Xj, Y;) respectively. For simplicity, in the sequel we write X; (resp. Y;) as
X (resp. Y). We also treat X and Y as matrices with their vectors as columns.

Theorem 1: Let 0,in (X) be the minimum singular value of X. Assume that X and X (resp. Y and Y)
have the same centroid. Then:

*

o) < e

|z —cx +cyl
o

Proof: From Section 3.2 we know that fis,(x) = s * R(x — cx + cy) for some rotation matrix R
and scaling factor s; similarly f* (x) = s"R*(x — ¢4 + ¢y) for some R* and s*. Since X and X have
overlapping centriod, cx = cy; similarly, cy = cg. Denote by X the matrix translated from X (as a
matrix) with translation vector cy — cy.
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Let E = \/erx I fiso (%) = £z (x)||%. Written in matrix form,

E=|(sR- s*R*)XHF (Frobenius norm)
Let singular value decomposition (SVD) of X be X = USVT with
¥ =diag(oy,...,0q), 01220420,

and V = [vy,...,04] containing the right singular vectors. Since U is orthogonal, E = ||(sR —
s*R*)X||F = |IZVT (s R — s*R*)||r. Taking the square and expanding the Frobenius norm, we have

d
IZVT(sR=s"R)|Z = > ot llo] (s R = s"R")|I”
i=1
Hence, for each right singular direction v;,
[R-s"R)Xllp . _E _ E
Oj B O'min(X) Gmin(X)’

| s Ro; — s*Ro;|| <

where omin ()2 ) = min; 0; and opin (X) is the minimum non-zero singular of X (note that X and X
have the same singular values).
Let z € R? be a new point in X \ X. Express its translated version Z = z + ¢y — cx in the basis
{v1,...,04} as z = 2?21 a; v; with ; = 0] Z. Then, its images by fiay @and fiso in D, vector space are
d d
fa(z) =s"R'z= Z a; [s*Rvi], fiso(z) =sRz = Z a; [sRvi].
i=1 i=1
Thus, their difference is given by
d
s*R*2 —sRz = Z a; [s*Rvi - sRvi].
i=1
Taking norms and applying the triangle inequality,
d E d
|[s*R*2 — sRz|| < lai| ||s*Ro; — sRu;|| € ——— > |al.
Z ' ' ' O'min(X) ; '

i=1

By an application of the Cauchy-Schwarz inequality, we know Y%, |a;| < Vd ||2]|. Thus, we may
write a succinct bound:

1fio(2) = fio(@)l = lIs"R'2 = s Rall < ——=7

By the triangle inequality of Frobenius norm, we further have

E<|sRX -Y|r+|s'RX - Y|r = a+a".

*

Omin (X )

llz - ex +cyll.

Putting together, we have 6(z) < |z —cx +cyl. o

Remark. To simplify the discussion, the upper bound assumes that X is full rank, i.e., its singular
values are all non-zero. This suffices to offer insights to inform the design specification of LA2M. As
will be shown in Section 6, our design of LA2M works with both full rank and rank-deficient X.

Drawing insight from bound. Theorem 1 tells us the following.

(I1) Minimizing the alignment error « of fis, over references X and Y helps reduce the merging error
of non-reference vectors. This also justifies the objective function of Equation 1 and its application
in step (2) of LA2M. As shown in Fig. 5 (blue line), the smaller X is, the lower & could be.
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(I2) However, simply reducing X does not work. When X is too small, the minimum singular value
Omin (X) of its matrix form would be extremely small or even 0, which means §(z) can be unbounded
or infinitely large, despite that « is small. This is consistent with Fig. 5 where the overall integration
error f is the worst when n approaches its maximum 1000, despite that « reaches its minimum.

(I3) This further tells us that poor conditioning of X (i.e., small oy, (X)) leads to significantly
amplified merging error. Moreover, directions of X with low variance (i.e., small o;) are particularly
susceptible to rotation ambiguity that elevates §(z) hyperbolically.

(I4) The merging error §(z) is also related to the position of z relative to the centroids of X and
Y. The translation of X into X in the proof of Theorem 1 also implies that, if we center X and Y
to their centriods first, then we would not need translation in fis, and f;; . Moreover, the upper

+ *
bound of §(z) would be then simplified to §(z) < a—&)ﬂzﬂ. As such, the closer z is to the
Omin
translated centroid of X (i.e., the origin) the smaller the merging error. In fact, this is exactly how
we implemented step (2) of LA2M. This also justifies why we pick féo that has the closest centroid

when we merge a new non-reference vector z in step (3) of LA2M.

6 Informing the Framework Design

We next present the design choices of LA2M based on the insights offered by the bound of Section 5.

6.1 Breaking down the Global Isometry

We first consider step (1) of LA2M, by studying how we break down X into local groups to determine
the local isometries of step (2). We aim to minimize the merging error in step (3) of LA2M.

Locality Vs. dimensionality. Consider a non-reference vector z of D;. According to (I4) of
Section 5, to merge z into D, with a minimum merging error, we shall use an isometry based on
references X with a centroid as close to z as possible. By (I1), X should be as small as possible to
minimize alignment error a. Further according to I2 and I3, this should not make X rank-deficient,
i.e., the size |X| should be at least d, where d is the dimensionality of the embeddings. These suggest
that the ideal X for merging z would consists of at least d reference vectors of D, that are closest to z.

However, real-life embedding vectors often have high dimensionality. For instance, OpenAI-Ada
embeddings are of 1536 dimension and that of Mistral is 1024. Consequently, this could necessitate
large X and may inadvertently result in significant alignment errors. These, in turn, could lead to
suboptimal merging errors. In addition, even if we have a large full rank X, its size might lead to
nonzero but rather small singular values, exacerbating merging errors further.

Indeed, (I3) naturally motivates us to consider reducing the dimensionality of vectors via PCA
(Principal Component Analysis [2]) to avoid poor conditioning of X, in particular eliminating
directions with low variance (small singular values ;). This would give us an isometry f;s, based
on X that is insusceptible to embedding noise.

Thus, determining the size of X reduces to finding the right dimensionality for the PCA-reduced
reference vectors. Recall that to allow step (2) of LA2M to determine a local isometry from X to Y
that can accurately bind vectors of D that are close to X, one has to assure X contains vectors that
are able to determine inherent (i.e., minimum) dimensionality of dissimilarity among data items
encoded by X as well as those would be transformed by the local isometry determined by X. While
we cannot exactly know the inherent dimensions, we however could approximate it with intrinsic
dimension estimation over the reference vectors using Maximum Likelihood Estimation (MLE) [51].

The intrinsic dimension characterizes the minimal number of dimensions necessary to effectively
represent manifold structures of data without significant information loss. The MLE-based intrinsic
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Fig. 7. Integration accuracy (recall@100) Vs size of local reference clusters X over SciFact: the vertical
dashed lines mark the intrinsic dimensions. Benchmark results verify that the accuracy (recall@100) peaks
when |X| is close to the intrinsic dimension in all three integration cases.

dimension estimator determines this optimal intrinsic dimensionality of a given data point (vector)
by analyzing its local neighborhoods. For each data point, the local intrinsic dimension is computed
by examining the distances to its k-nearest neighbors. The intrinsic dimensionality d can be obtained

via the MLE estimator[51]: d = m >N Zf;ll log TT’j ((a)c(;)) 1, where T;(x;) denotes the distance
from data point x; to its j-th nearest neighbor, and N is the total number of data points of concern.

Mapping to our case, we set N to 10 and K to 20 for each dataset, and use d of the reference
vector x closest to z to determine the size of X. In cases where we only know reference vectors, we
use the average intrinsic dimensionality of randomly sampled reference vectors as a database-wide
configuration of the size of X. Using benchmarks, results in Fig. 7 confirm that intrinsic dimension

does serve as a quite accurate estimation of the best size of X for determining local isometries.

Computing with rank-deficient references. While we can use intrinsic dimension of reference
vectors to decide the size of reference cluster X, it however requires us to reduce the dimensions
of embedding vectors. To avoid directly altering vector databases for merging, we improve upon
A2M with PCA in step (2) of LA2M, such that it works with small X containing high-dimensional
embedding vectors, i.e., rank-deficient reference clusters X.

Consider a pair of corresponding reference clusters (X, Y) € R™*9. We first perform SVD on X
and Y, yielding SVD(X) = Ux2xVy and SVD(Y) = UyZyV, . We then project X and Y into their
respective d-dimensional subspaces: X=X v, Y = YV;’ , where d is the size of X (i.e., intrinsic

dimensionality determined above), V2, V;’ € R¥ are the top d right singular vectors of X and Y,
respectively. We rewrite the objective function in Equation 1 as:

arg min HSR(X +1) — }A’H; . (2)
s,R,t

Let ﬁso be the optimal isometry determined by X and Y. For a new vector z € R, we first
reduce its dimensionality using V)‘g/, yielding z = zV)‘(’/. We then apply f;so to Z and finally reconstruct
the transformed vector by multiplying with V¢ T: fiso(2) VAT,

Online integration. Recall from Section 4.2 that steps (1) and (2) of LA2M work on reference
vectors, independent of non-reference vectors of D, that need to be merged into D;. In cases where

there are constantly new vectors added to Dy, LA2M separates step (3) from the first two steps, to
reduce the time of merging these new vectors.
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Table 2. Statistics of benchmarks

Dataset #Train Pairs  #Test Queries #Test Corpus Size
SciFact [80] 920 300 5,183
NFCorpus [9] 110,575 323 3,633
ArguAna [79] n/a 1,406 8,674
SciDocs [18] n/a 1,000 25,657
FiQA-2018 [59] 14,166 648 57,638

Specifically, as offline preprocessing, LA2M carries out steps (1) and (2) and materializes local
isometries i;o’ ig’o as a vector database itself, where each vector is the centroid of a reference
cluster X; in Dy, of which the encoded datum is the isometry f:;o

LA2M merges non-reference vectors of D; as an online process. Once a non-reference vector x
is available or newly added to ©;, LA2M finds the closest centroid c¢; via a top-1 vector search over

the centroids, and retrieves the corresponding isometry fI;o to merge x.

To minimize merging error of new vectors of ;, we compute and materialize an isometry for
each reference vector x in X of D;: we first find d nearest neighboring references of x in X, forming
a cluster X with x approximately as its centriod. We then compute the isometry fég determined
by X. Hence, we have n = |X| number of isometries, each indexed by a reference vector x € X
as its approximate centroid. In case we want to limit the number of materialized isometries, we
iteratively merge pair of closest isometries:we take the union of their reference clusters and replace
the pair of isometries with the one determined by their combined reference vectors.

6.2 Making Embeddings Mergeable

We next discuss the availability of reference vectors, i.e., pairs of vectors (x,y) such that x € D;
and y € D, encode the same data item. Naturally, known correspondence in embedding backfilling,
entity linkage and domain knowledge are viable sources of reference vectors across datasets.
However, in case they are not given as a priori, one may still benefit from LA2M by actively
generating reference vectors with limited access to the embedding models.

More specifically, let D be a vector database that encode data items of O. Assume that we need to
integrate O into another (possibly unknown) vector database that offers access to their embedding
model emb. We consider the task of selecting up to y *|D| data items of O (vectors of D) as reference
items with some y € (0, 1], to form reference vector pairs by requesting their encoding of emb.

By (I4) of Section 5, we know that ideally these y|D| reference items shall cover all items of O with
close proximity in ©. In light of this, we propose a reference sampling method that operates on D.
It is parameterized by L, the number of local isometries we want to generate, and works as follows.

(1) It first forms L clusters of D via k-means clustering.

(2) For each cluster C;, it uniformly samples y|C;| vectors as references. In total this samples a
set X of y|D| vectors from D.

(3) It queries emb with the data items of O encoded by X, yielding a set Y/ of corresponding
vectors in the target vector database. The pair (X, Y) forms references that enable us to
integrate O into the targeted vector database with LA2M.

Remark. For cases where one wants to avoid revealing any item in O, one may use synthesized
objects as the references. It however works best if D is generated by , e.g., a diffusion embedding
model which allows us to synthesize reference items that can cover O well.
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Table 3. Embedding models

Methods Scale  Require Training Dimension
GloVe [68] Small Required 300
FastText [8] Small Required 300
NV-Embed-V2 [50] Medium Optional 1024
GTE-Qwen2 [55] Medium Optional 1024
OpenAI-Ada [66] Large Not Required 1536
Mistral [43] Large Not Required 1024

7 Experimental Study

Using benchmarks, we evaluated the quality of integrated vector databases across embedding models.
We first specify the setup (Section 7.1). We then report integration results across 6 pairs of major
embedding models over 5 text retrieval benchmarks (Section 7.2). We also present more evidence
for the local isometry hypothesis (Section 7.3) and a case study on image benchmark (Section 7.4).

7.1 Experimental Setup

Benchmarks. We used 5 text publicly accessible retrieval benchmarks ranging from biomedical,
open-domain, citation prediction and fact checking, as summarized in Table 2. Each benchmark
consists of (a) a collection of documents and (b) a set of built-in query-answer pairs for evaluating
similarity search. Each query is a text string and its answer is one of multiple documents in the
dataset that are manually validated relevant (i.e., similar) by the benchmark creators.

Embedding models. We used 6 popular embedding models as summarized in Table 3, ranging
from small to large in scale. We used these embedding models to encode the text benchmarks as
vectors so as to implement similarity search via vector search over the embedded vector databases.

Methods. Given two vector databases D, and D, embedded by different models, we implemented
5 methods to integrate 9, into Dy:

o Union: directly taking the union D, U D,.

o A2M: baseline introduced in Section 3.2, based on Hypothesis A.

o A2My p: variant of A2M that learns a 2-layer multilayer perceptron (MLP) neural network [36]
in place of the SVD-based isometry; it is optimized using Adam optimizer with a learning
rate of 0.001 for 300 epochs and with the alignment error as training objective.

o CCA: a method that uses two global linear projections to jointly maximize correlation between
the source and target embedding spaces, by following [56].

o GW: an approach that uses Gromov-Wasserstein distance [4] to directly learn an alignment
of references without their explicit correspondence.

o LA2M: the LA2M framework of Sections 4.2, based on Hypothesis B.

o LA2My p: a variant of LA2M that uses A2My_p in step (2).

Note that, all these methods are data-driven in the sense that they integrate 9, into D, without
accessing to encoded data items or the embedding models. This assures that their comparison is fair.

Evaluation plan. For each benchmark of Table 2, by default we randomly partitioned its dataset into
three subsets Oy, On and O,; we also randomly distributed the built-in answers evenly in O; and O,.
We then used a pair of embedding models emb; and emb, from Table 3 to embed O; U0 and O, U0
respectively into vector databases D; and D,. For each integration method A above, we evaluated
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Table 4. Integrating Mistral into OpenAI-Ada vectors

lNotations: R: recall@100 (%); R1: recall@100[ D1 | (%); RN: Relative NDCG (%); 1: higher the better; ]: lower the betterl
method SciFact NFCorpus ArguAna SciDocs FiQA-2018

R(T) RL(T) RN(T) B(D)|R(T) RLT) RN(T) B)[R(1) R(T) RN(T) AU)[R(T) RUT) RN(T) B()[R(T) R(T) RN(T) ()
Union [32.00 0.00 893 1421517 0.00 16.28 1.43|28.19 0.00 8.74 142 (17.60 0.00 11.13 1.42(27.78 0.00 6.96 142
A2M 27.00 6.86 10.04 0.96 |10.84 7.26 17.80 0.93 (29.91 3.09 9.71 1.02|12.60 4.02 18.63 0.99 (2531 0.00 7.02 1.05
GW 44.67 2.43 4.67 1.00(13.93 640 454 1.00|53.25 0.24 4.64 1.00(21.80 5.53 4.97 1.00|36.42 545 5.56 1.00
CCA 50.00 1.22 5.27 0.94|18.58 8.05 534 0.81 [49.61 0.00 4.51 2.96(28.40 7.84 583 230 (40.59 6.06 575 2.33
A2Mwp [28.00 5.88 9.62 1.00(10.84 7.26 11.12 1.00 |32.62 6.49 10.79 1.00 |34.70 44.29 46.33 0.88|24.38 0.23 7.25 1.00
LA2My p |35.00 24.02 13.85 0.83 [13.62 14.10 11.72 0.81 |39.61 23.95 15.03 0.87 [14.20 12.90 27.55 0.86 |16.20 6.31 12.12 0.88
LA2M 76.67 86.76 36.53 0.75|34.06 28.21 30.82 0.36(79.23 82.14 32.46 0.81|42.00 54.23 52.05 0.68|58.02 75.23 41.37 0.28

Table 5. Integrating NV-Embed-V2 database into OpenAI-Ada database

method SciFact NFCorpus ArguAna SciDocs FiQA-2018

R(T) Ru(T) RN(N) B[R RUT) RN(T) BU)[R(T) RL(T) RN(T) AI)|[R(1) R1(T) RN(T) B()[R(T) RL(T) RN(T) B(l)
Union [32.00 0.00 893 141|14.24 0.00 16.41 1.41(28.19 0.00 874 1.41[16.70 0.00 10.98 1.41(27.78 0.00 6.95 1.42
A2M 32.00 0.00 8.94 1.26|14.24 0.00 17.20 1.24 (28.19 0.00 8.76 1.29|16.70 0.00 9.45 1.28 [27.78 0.00 6.96 1.28
GW 43.00 2.57 473 1.00 [13.00 6.68 4.46 1.00|51.75 0.30 4.64 1.00 (20.60 5.19 491 1.00|36.27 5.45 5.56 1.00
CCA 51.33 1.55 536 0.90|21.05 8.66 7.37 0.98 (49.25 0.31 4.50 0.85(28.40 7.84 583 1.62(13.28 8.78 6.52 4.78
A2Myip [28.33 6.37  11.19 0.99|11.46 7.59 3416 1.00(29.26 1.80 9.41 1.00|33.20 42.86 4593 0.29(23.77 0.23 7.81 1.00
LA2Mywp [39.33 30.88 16.28 0.83 |15.48 16.03 26.64 0.81(39.19 23.45 15.40 0.87 [13.20 12.76 26.33 0.86 [15.43 4.21 12.03 0.88
LA2M 79.33 90.69 49.81 0.72|35.29 40.93 37.22 0.39(85.22 90.22 41.96 0.47|41.10 54.23 53.68 0.31 (58.49 75.93 42.27 0.28

Table 6. Integrating FastText database into OpenAI-Ada database

method SciFact NFCorpus ArguAna SciDocs FiQA-2018

R(T) RL(T) RN(T) B(D)|R(T) RLT) RN(T) B)[R(1) R(T) RN(T) AU)[R() RUT) RN(T) B()[R(T) R(T) RN(T) ()
Union [25.33 045 8.84 1211393 297 16.06 1.22|29.55 0.00 8.66 1.23[12.20 240 11.22 1.13|26.23 0.23 6.96 1.17
A2M 16.67 491 10.01 0.88 [10.53 890 22.50 0.85|25.34 142 9.26 0.90 [6.70 0.14 14.78 0.93 1543 0.23 8.00 0.93
GW 42.00 2.03 4.66 1.00(10.53 6.54 4.56 1.00 |51.46 827 4.64 1.00(19.80 536 4.94 1.00|37.04 548 5.56 1.00
CCA 47.67 1.89 475 0.86 (14.24 6.27 4.18 0.73|50.61 10.42 4.62 091 (28.40 7.84 583 1.16|40.59 6.06 5.75 1.42
A2Mwp [21.00 536 9.62 1.00 |8.67 3.39 2336 1.00(33.76 6.70 10.79 1.00|23.40 28.65 18.75 0.29(23.92 0.23 7.24 1.00
LA2My p |35.33 31.70 14.62 0.83 [12.07 11.44 27.46 0.81 |33.26 14.42 12.16 0.87 [11.20 8.74 24.70 0.86 |14.20 2.29 10.69 0.89
LA2M 67.00 74.55 26.33 0.77|26.63 25.85 29.04 0.76|68.24 55.43 25.89 0.82(39.30 32.13 28.23 0.39 |50.93 43.71 23.64 0.29

the quality of its integrated database A(D;, D;) by testing the benchmark queries. Specifically,
for each benchmark query-answer pair (g, ansy), we used top-k vector search with query vector
emby(q) over A(Dy, D,) to retrieval answers. With the built-in ground-truth ansg, we can quantify
the quality of A (D, D) via search accuracy of emb,(g) with measures defined as follows.

Measures. We used 4 measures to quantify the quality of search results over the integrated database.

Let Q denote the set of benchmark queries; the measures are defined as follows.

(a) Recall@k.For each benchmark query-answer pair (g, ansq) € Q, let rank(emb,(q), A(D1, D2))
be the rank of the top retrieved ans; document by top-k vector search with emb,(q) over

A(Dy, D,). Then recall@k is defined as I_Cll\ Ygea ]I(rank(embg(q), A(D1, Dy)) < k), where

I(p) is the indicator function, i.e., 1 if p evaluates True and 0 otherwise.

(b) Recall@k[D]. Since half of the benchmark answers are distributed in D,, when computing
recall@k, emb,(q) can score 1 for half of the benchmark queries without the need of integrat-
ing ;. To eliminate such noise in recall@k, we also used recall@k[D; ], which is the same
as recall@k but considers Q that consists of (g, ans) where the top ans is encoded in D; only.

(c) Relative NDCG. We also adopted NDCG [85], a popular accuracy measure that quantifies the
relative rank changes of retrieved answers w.r.t. ground truth. Let D, = emb,(0; U On U Oy),
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Table 7. Integrating FastText database into NV-Embed-V2

lNotations: R: recall@100 (%); R1: recall@100[ D1 | (%); RN: Relative NDCG (%); 1: higher the better; ]: lower the betterl

method SciFact NFCorpus ArguAna SciDocs FiQA-2018

R(M) RU(T) RN(M) B[R RUT) RN(T) BU)[R(T) RI(T) RN(T) A)|R(1) R1(T) RN(T) B()|[R(T) R1(T) RN(T) B(l)
Union [26.33 2.23 883 1.21[13.62 546 14.08 1233034 091 8.65 1.24[10.80 2.36 1046 1.15[27.32 0.69 695 117
A2M 1833 491 995 0.95(8.05 546 1557 0.95[2591 223 927 096570 153 1644 0.96 1651 1.37 8.03 0.93
GW 41.00 10.83 14.66 1.00 [6.50 5.00 3.15 1.00 [50.46 0.50 4.73  1.00 [19.00 539 500 1.00[37.65 559 6.09 1.00
CCA 36.67 11.62 14.26 0.82[1238 575 3.38 0.84 [42.54 041 435 0.89[30.60 8.04 619 1.38[4599 1657 6.69 146
A2Myp [21.00 580 959 1.00[6.19 3.36 1329 1.00 [3255 7.11 1059 1.00 [22.90 29.02 18.39 0.31(23.30 0.23 7.10 1.00
LA2Myp [34.67 29.02 13.61 0.91[9.29 7.56 1657 0913433 1563 12.14 0.93 [11.30 1071 2439 0.90 [53.12 66.23 28.18 0.35
LA2M  |76.67 84.82 28.78 0.85(34.06 24.37 20.83 0.43|64.60 60.00 21.92 0.50(39.30 32.13 31.29 0.39 [58.02 75.23 41.37 0.28

Table 8. Integrating GTE-Qwen2 database into NV-Embed-V2 database

method SciFact NFCorpus ArguAna SciDocs FiQA-2018

R() RY(T) RN(T) BU)[R(M) RIT) RN(T) BU)|R(T) R1(T) RN(T) B(D|R(T) R1(T) RN(T) B(1)|R(T) RU(T) RN(T) ()
Union [31.67 0.00 895 141[18.27 0.00 14.09 141[28.48 0.00 8.65 1.41[19.60 0.00 991 1.41[28.86 0.00 6.94 141
A2M 32.33 146 892 1211548 508 1334 120 |28.48 0.00 8.65 131 (1840 1.27 1078 1.22(28.86 0.00 6.93 1.30
GW 47.67 099 438 1.00[9.29 157 153 1.00[50.25 0.51 473 1.00[18.10 0.18 2.14 1.00[37.50 0.03 3.82 100
CCA 5233 035 504 0942693 0.06 241 097 [50.25 0.36 4.80 0.98 [30.60 0.00 2.63 1.75[45.80 0.00 4.19 1.9
A2Myp [2833 634 9.88 100 (557 254 2077 1.00|28.84 3.29 971 1.00 [37.50 48.97 4551 0.89 [22.38 045 7.13  1.00
LA2Myp [43.33 34.63 1546 0.90 [14.55 14.41 18.06 0.90 [39.83 24.45 13.81 0.93 [15.30 17.09 27.49 0.71 [13.73 5.00 9.80 0.89
LA2M  [85.33 95.12 50.53 0.45(31.27 36.86 23.54 0.44(86.65 92.02 40.42 0.40|44.60 60.17 51.89 0.30|57.87 70.45 31.35 0.29

Table 9. Integrating GloVe into FastText vectors

method SciFact NFCorpus ArguAna SciDocs FiQA-2018

R(M) RU(T) RN(N) )[R RUT) RN(T) BU)[R(T) RI(T) RN(T) AU)|R(1) R1(T) RN(T) B()|[R(T) R1(T) RN(T) ()
Union [19.67 0.00 11.94 2.76 (836 0.00 2679 2.90 1934 0.00 14.42 3.45[9.30 0.00 17.18 2.93 [12.19 423 10.59 0.62
A2M 19.67 0.00 16.29 0.30 (836 0.00 49.71 0.27[19.34 0.00 21.24 0.23[11.30 0.00 4227 0.22[12.19 3.29 18.95 0.24
GW 2433 101 1279 058(836 678 4440 0.5529.98 0.00 1250 0.62 [14.60 0.38 42.00 0.30 [13.20 2.05 13.41 0.21
CCA 2812 0.81 1432 104[9.23 8.18 4582 0.94[31.13 0.00 1350 0.96 [13.30 0.89 51.00 0.80 [16.20 2.75 12.39 0.53
A2Myp [19.67 0.00 18.66 0.648.36 0.00 5176 0.60 [19.34 0.00 19.33 0.57 [13.80 1.54 53.83 0.14 [12.19 478 19.99 0.56
LA2Myp [19.33 047 2544 0.15(836 0.00 5197 0.14 1870 2.61 27.96 0.12[13.40 0.56 45.61 0.14 [17.13 419 33.28 0.28
LA2M  [39.00 31.16 41.57 0.10{11.15 2.99 63.91 0.10(40.40 38.19 41.28 0.09|14.90 10.39 58.12 0.11|18.20 8.53 36.11 0.04

i.e,, the complete ground-truth vector database that embeds the entire dataset with emb,. For
each benchmark (g, ansy), denote by rmerge (q) and r.(q) the rank of the first retrieved answer
document of ans, by emb;(q) over integrated database and over D, respectively. The relative
NDCG score s(q) of q is 1/log,(|Fmerge(q) — 7«| + 1). The relative NDCG of the integrated
database is measured by the average score of all benchmark queries, i.e., gcq 5(¢)/1Q|-

Integration error § (Section 5). This measures, for each item o € O, the distance | A (emb; (0))
— emb,(0)| in the D, vector space, where A(emb;(0)) is the representation of o in the
integrated database by A. The average f over all data items in O; is reported.

Intuitively, higher score in measures (a)-(c) means better search quality over the integrated
databases; for measure (d), however, the lower the better.

Configuration. All the experiments were run on a server that is equipped with an AMD EPYC
7713P@2GHz CPU with 120GB RAM and an NVIDIA A100 80GB GPU.

7.2 Quality of Integrated Vector Databases

Quality of integration. Using the evaluation plan of Section 7.1, we evaluated the search quality
over the integrated vector database of all 5 benchmark datasets across 6 pairs of embedding models.
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Fig. 9. Global Vs. local isometries
The results are reported in Tables 4-9, and tell us the following.

(1) LA2M consistently produces the best integrated vector databases over all benchmarks under all
quality measures. For instance, its recall@100 is consistently more than twice of that of Union,
despite that recall@100 is in strong favor of Union since it is guaranteed to retrieve all query
answers that are distributed only in the target database by design and recall@100 gives them equal
significance as those integrated from the source database. The results for recall@100[ 9] is even
greater, with Union failed to retrieve any answers from D; (i.e, recall@100[D;] = 0) in most cases,
while that of LA2M is e.g., 90.69% when we integrate NV-Embed-V2 into OpenAI-Ada databases.
The results for relative NDCG and integration error f§ are similar.

(2) Specifically, LA2M consistently and significantly outperforms A2M in each and every case. This
further demonstrates that the global isometry hypothesis does not hold for real-world datasets,
whereas the local isometry hypothesis is however valid. It also confirms the effectiveness of local
hypothesis and the LA2M framework for integrating vector databases based on this hypothesis.

(3) The use of isometry is instrumental, as shown by the gap between LA2M and LA2My p which re-
places isometries with nonlinear neural network (MLP) in step (2) of LA2M. This is because isometries
retain search results over 9, when integrating into ©;, while nonlinear functions cannot despite
that they may have smaller alignment error over references, i.e., Theorem 1 does not hold for them.

(4) More advanced global alignment strategies like CCA and GW perform slightly better than vanilla
A2M baselines. This is due to their structural modeling capabilities: CCA captures shared semantic
dimensions via correlation maximization, while GW preserves global topology and relaxes the rigid
point-to-point constraint. These lead to moderate gains in relative metrics such as relative NDCG.
However, both methods lack local consistency guarantees and are significantly outperformed by
LA2M across all metrics. They do not preserve neighborhood structure, leading to poor recall@100[ D |
and increased sensitivity to geometric distortions. This highlights the importance of local isometries.

(5) Although LA2M achieves substantial relative improvements, its absolute recall remains bounded
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by each embedding model’s native performance. In addition to the errors caused by different
integration methods, the integration error is also influenced by two external factors: (a) the intrinsic
difficulty of specific benchmarks (e.g., FastText itself achieves only 17% Recall@100 on NFCor-
pus [77]), and (b) the inherent model disagreement between embedding models, as detailed in
Section 5, which stems from differences in architecture, vocabulary coverage and training corpora
between GloVe and FastText. As remarked in Section 2, these errors reflect the extent of inherent
mergeability of these vector databases, regardless of the integration method.

Impact of references. We also evaluated the impact of reference vectors, by varying their ratio in
the database, and by comparing our reference selection method (Section 6.2) with random uniform
sampling. Figure 8 depicts the results of integrating FastText into NV-Embed-V2 databases.

(1) In case no references are provided by the dataset, our reference selection method works effectively,
consistently better than uniform sampling with the same number of references, i.e., y.

(2) Our approach is robust against varying number of reference vectors available, e.g., its integration
error increases just by 3.1% when the percentage y of reference vectors drops from 80% to 20%. The
results for other quality measures are similar.

7.3 Global Vs. Local Isometry Hopythesis

We consolidated the local isometry hypothesis (Section 4.1) with further evidence. Specifically,
we evaluated the quality of integrated vector databases by a variant of LA2M that uses isometries
produced by k-means clustering of the global isometry, with varying k. To do this, we created local
isometries by first clustering references into k non-overlapping clusters via k-means clustering
and then computing an isometry for each cluster by applying A2M (or step (2) of LA2M). Intuitively,
a larger k means more clusters and thus local isometries of smaller scope; conversely, a smaller
k indicates larger isometries. By varying k, we report in Fig. 9 the impact of the scope of local
isometries on the quality of integrated database. The results tell us the following.

(1) The alignment error () over reference vectors consistently decreases with smaller clusters, i.e.,
larger k. This does confirm that local structures in vector databases defined by shorter distances
are more likely isometric across embedding models.

(2) However, isometries determined by vectors with too small inter-distances (extremely larger k)
yield degraded integration quality, e.g., recall@100. This is due to that the clusters would be too
small to bind non-reference vectors for integration, confirming Theorem 1.

7.4 Case Study: Image Search

Privacy-preserving image search. Consider a hypothetical case study for image search across
two parties, Alice and Bob, each holding part of the CIFAR-10 image dataset [47], partitioned
as described in Section 7.1. Alice would like to search over the union of their image libraries
collectively. However, Alice does not want to reveal her query image to Bob, nor is Bob willing
to explicitly share his image files. Instead, Bob shares just the embedding vectors of his images
produced by a local embedding model ResNet [37]. Alice then integrates her image embeddings
(by DenseNet [39]) with those of Bob’s. For each query image, Alice queries the integrated vector
database. If the answer vector is from Bob, Alice then only needs to ask for this particular answer
image and it is up to Bob to decide if he is willing to share the answer image with Alice. In the
entire process, no image file is shared between Alice and Bob.

Results. The image search results for 10 query images (Fig. 10(a)) over the CIFAR-10 image dataset
are given in Fig. 10. Compared to Union, with LA2M the image search results (via top-1 vector search)
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(a) Alice’s query image: 10 images from the CIFAR-10 dataset

r \ = o \ )

(b) Top-1 image with Union: each corresponds to the query image directly above

Y il O B IS

(c) Top-1 image with LA2M: each corresponds to the query image above in (a)

Fig. 10. Privacy-preserving image search via vector integration

are more accurate. For instance, for all 10 query images, the search result with LA2M gave answer
images consistently of the same category as the queries, while Union failed in 9 out of 10 occasions.

8 Additional Related Work

We have reviewed and compared with current research on vector databases in Section 1. Below, we
extend our discussion to include related research in other areas. Although this does not directly
address vector databases, it is technically relevant to our problem of integrating vector databases.

Embedding alignment. A related line of research is from the NLP community on aligning
embeddings for (a) cross-lingual word translation and, more generally, (b) cross-domain adaptation.

Cross-lingual word embedding alignment. A major application of embedding alignment is cross-
lingual dictionary induction, where words are represented as embeddings and cross-lingual word
translation boils down to finding an alignment function that maps embeddings across languages [5,
44, 63, 74]. Mikolov et al. [63] first formulate this as a supervised regression problem, to learn a
linear mapping by minimizing squared Euclidean distances between seed word pairs as supervised
data. Building on this, subsequent studies add orthogonality constraints [74], optimize training loss
objectives via Wasserstein or Gromov-Wasserstein distances [13], contrastive alignment [87], end-
to-end learning [44] or Canonical Correlation Analysis (CCA) [5], and explore post-hoc adapters [48].
There have also been unsupervised variants that use adversarial training over frequent words [49]
to generate initial seed word pairs, or directly use a permutation matrix in the training objective [30]
to enumerate all correspondences between words across languages.

All these methods build on the key property of word embeddings discovered by Mikolov et al. [63]:
word embeddings exhibit global geometry similarity across different languages, which allows for
accurate alignment via a single transformation that preserves the global geometric structure. This
foundation, however, does not hold in vector databases (Section 3), for two reasons: (a) Embeddings
in vector databases, particularly those involving non-linguistic modalities, e.g., images and sentence
embeddings, lack the global geometric regularities of word embeddings in dictionaries. (b) Transla-
tion emphasizes more on aligning the distribution of word embeddings while vector databases target
top-k search and our objective is to enable top-k retrieval across independently trained embeddings,
which demands preservation of local structures rather than global correspondence. As a result, our
work is based on the local isometry hypothesis (Section 4) as opposed to the global geometry similar-
ity property of word embeddings. Our technical results center around the problem of deciding the
optimal locality of the local isometries (Sections 5-6), to maximize the quality of integrated databases.

Cross-domain adaptation. Beyond cross-lingual word translation, similar idea, dubbed as cross-
domain embedding alignment or adaptation [16, 54], has been exploited to augment training set and
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improve model training performance. The key idea is to transform the embeddings in the training set
to approximate the distributional structure of a target domain, via (a) metric learning to fit a domain-
invariant Mahalanobis distance metric by minimizing information-theoretic divergences such as
MMD [41, 82, 84], (b) manifold alignment to learn both domain-specific projections and sparse
correspondences under the assumption of a shared low-dimensional manifold [12, 19, 70], and (c)
adversarial transformation [46, 58, 62] to render transformed source embeddings indistinguishable
from target embeddings in distributional terms via GAN-based training.

Nonetheless, these methods either cannot generalize beyond the known correspondence between
source and target datasets e.g., metric learning, or fail to bound per-point distortion, like manifold
alignment and adversarial training. This is because they build on the same assumption of global
source-target geometry consistency as seen in cross-lingual word translation. Consequently, they
produce a single global alignment mapping that does not fit for vector databases that prioritize local
geometry consistency for top-k search and generalized errors to data unknown to the alignment.

Domain adaptation goes beyond embedding adaptation by modifying models to address domain
shifts without changing input data (see [53] for a survey). Key techniques include: (a) adversarial fine-
tuning [57] to learn domain-invariant representations via adversarial objectives, (b) gradient reversal
networks [27] that confuse the discriminator to create indistinguishable source and target features,
and (c) asymmetric distribution alignment [88] to manage density imbalances in latent space. They
all require access to the model architecture, labeled data, or intermediate feature representations.

However, these methods are unsuitable for vector integration, where neither model internals nor
labeled examples are available. Moreover, they can only transform and adapt embedding vectors that
are known before the construction (e.g., training) of the adaption function, not any, potentially new,
non-reference embedding vectors that our method (LA2M) merges into the target database. Even if
we ignore such restrictions, domain adaptation still relies on global correlation between source and
target domains, which makes it prone to the same limitations of embedding alignment seen above.

Data integration. Data integration offers a unified global schema for users to pose queries against
multiple independent relational databases with varying schemas [21, 35]. It maintains global-to-
local schema mappings, translating user queries into corresponding queries for local databases, and
returning the aggregated query results. The term has also been used to describe the process of com-
bining heterogeneous data sources, e.g., omics data in life sciences [29]. In this work, we use the term
to describe our initiative to integrate multiple vector databases from different embedding models.

9 Conclusion

In this work, we have presented our vision towards vector database integration across different
embedding models. Realizing such vision is believed to benefit a few application scenarios, e.g.,
embedding model iteration and vector back-filling, healthcare data federation, privacy-preserving
similarity search, and federated graphRAG and clustering. We have developed a first attempt towards
this vision, by both experimentally examining and theoretically characterizing the local isometry
hypothesis for cross-model vector database integration. Benchmark results verify that our approach
is able to integrate vector databases produced by major embedding models, including NV-embed-V2,
OpenAl Ada, GloVe and Mistral, while offering high recall of top-k search over the integrated data.

We are currently incorporating unsupervised learning to automatically deduce reference vectors
for our framework when they are not available. In addition, we also aim to study clustering over
integrated vector databases without necessitating dataset integration.
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