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Crooks
= 2022 Winner: Chenggang Wu, Honorable Mentions: Pingcheng Ruan and Kexin Rong
= 2023 Winner: Supun Nakandala, Honorable Mentions: Benjamin Hilprecht and Zongheng Yang
= 2024 Winner: Daniel Kang, Honorable Mentions: Wei Dong, Jialin Ding, and Yisu Remy Wang
= 2025 Winner: Peng Li, Honorable Mentions: Xuanhue Zhou, Aecio Santos, and Meghdad Kurmanji

A complete list of all SIGMOD Awards is available at: https://sigmod.org/sigmod-awards/
[Last updated: October 1, 2025]

4 SIGMOD Record, December 2025 (Vol. 54, No. 4)



Editor’s Notes

Welcome to the December 2025 issue of the ACM SIGMOD Record!

This issue starts with the Database Principles column featuring an article by Tao and Wang focusing
on the theoretical foundation of sampling for natural joins, which are fundamental to database sys-
tems. The authors present an elegant and powerful box-tree technique that has been developed by
the database-theory community in recent years. The technique yields simple algorithms and data
structures, whose theoretical guarantees match the state of the art, for solving the problems of join
reporting, small-delay enumeration, and join sampling. The box-tree technique is based on so-called
split theorems, which uncover a combinatorial and intrinsically geometric structure underlying nat-
ural joins. The article also surveys related work, discusses alternative approaches to join reporting
and sampling, and points out directions for future research.

The Reminiscences on Influential Papers column, edited by Pinar T6ziin, presents contributions by
Genoveva Vargas-Solar, Thomas Heinis, Alexander Boehm, and Pamela Delgado.

The Advice to Mid-Career Researchers column presents a contribution by Khuzaima Daudjee. The
reflections shared in the article focus on four themes connected to the author’s personal experiences:
system building, mentorship, micro-visits, and service. The article provides advice on many aspects
of the mid-career stage of life, offering the perspective of looking for what is meaningful and inter-
esting, as well as for new opportunities, including the one of building yourself along the way on this
path. The author expresses a hope that some of the reflections shared in the article would also be a
useful read for colleagues who are currently at earlier points in their careers than mid-career re-
searchers.

The DBrainstorming column, whose goal is to discuss new and potentially controversial ideas that
might be of interest and benefit to the research community, features an article by Raul Castro Fer-
nandez that focuses on understanding and designing data ecosystems. The research agenda pre-
sented in the article aims to uncover principles that drive dataflows and to design comprehensive
interventions to steer them positively. The author shares preliminary and ongoing work on this topic,
outlines opportunities for the database community, and maps out the road ahead in this research
space.

The Distinguished Profiles column features an interview with Angela Bonifati, Distinguished Profes-
sor of Computer Science at Lyon 1 University, Head of the Database Research Group at the CNRS Liris
Research Lab, and a senior member of the Institut Universitaire de France. In the interview, Angela
talks about her research focus and professional arc over the years, about the state of the art and fu-
ture of graph databases, and about her work plans for the prestigious ERC Advanced Grant that she
has just received. She discusses working in the industry and her experience with collaborations, as
well as research in Europe versus in the rest of the world. Angela also outlines her vision as the new
chair of SIGMOD, provides advice on mentoring, and shares her thoughts and experiences concerning
work-life balance.

The issue closes with the Open Forum column, which presents an article by Khan and colleagues re-
porting on the discussion of retrieval-augmented generation (RAG) that was held by a panel at the
LLM+Vector Data’25 workshop held jointly with the ICDE-25 conference in Hong Kong, China. The
discussion in the panel focused on emerging RAG opportunities at the intersection of data science,
data engineering, and data-centric Al/ML methodologies. The panel also outlined open challenges for
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real-world LLM-RAG deployment, with the hope that the discussion would inspire future work on the
domain’s emerging data-management issues.

On behalf of the SIGMOD Record Editorial board, I hope that you enjoy reading the December 2025
issue of the SIGMOD Record!

Your submissions to the SIGMOD Record are welcome via the submission site:
https://mc.manuscriptcentral.com/sigmodrecord

Prior to submission, please read the Editorial Policy on the SIGMOD Record’s website:
https://sigmodrecord.org/sigmod-record-editorial-policy/

Rada Chirkova
December 2025
Past SIGMOD Record Editors:

Yanlei Diao (2014-2019) Ioana Manolescu (2009-2013) Alexandros Labrinidis (2007-2009)
Mario Nascimento (2005-2007)  Ling Liu (2000-2004) Michael Franklin (1996-2000)
Jennifer Widom (1995-1996) Arie Segev (1989-1995) Margaret H. Dunham (1986-1988)
Jon D. Clark (1984-1985) Thomas J. Cook (1981-1983) Douglas S. Kerr (1976-1978)
Randall Rustin (1974-1975) Daniel O’Connell (1971-1973) Harrison R. Morse (1969)
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Split Theorems for Join Reporting and Sampling

Yufei Tao

Chinese University of Hong Kong
Hong Kong, China
taoyf@cse.cuhk.edu.hk

ABSTRACT

The box-tree technique is an elegant and powerful tool
for natural join processing. Recently developed by the
database theory community, it yields simple algorithms
and data structures for solving three fundamental prob-
lems — join reporting, small-delay enumeration, and
join sampling — with performance matching the best
known bounds, up to polylogarithmic factors. This ar-
ticle presents the technique’s theoretical foundation in a
form accessible to the broader database community. At
the core of this foundation are the so-called split theo-
rems, which uncover a combinatorial and intrinsically
geometric structure underlying natural joins. Two ver-
sions of these theorems are proved using elementary,
self-contained arguments.

1. INTRODUCTION

This article studies natural joins. Consider t > 2
relations Ry, Ra, ..., ;. Conceptually, a natural join first
computes the Cartesian product Ry X Rg X ... X R; and
then selects from this product only the tuples satisfying
the SQL-style condition “R;.A = R;.A” for every 1 <
i < j <t and every common attribute A of R; and R;.
This intuitive yet informal definition will suffice for the
discussion until Section 2, where a formal definition of
the natural join will be introduced.

Natural joins are fundamental to database systems for
two main reasons. First, they are indispensable for an-
swering multi-relation queries and serve as the backbone
of most query execution plans. Second, they are compu-
tationally expensive operations that often dominate the
cost of query processing. The design and analysis of join
algorithms have long been a central topic in database the-
ory. A solid understanding of their theoretical foundation
provides valuable insights that guide the development of
high-performance systems.

Join sampling is the operation that draws uniformly
at random a tuple from the result of a natural join. The
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sample must be independent from those returned by all
previous join sampling operations — this requirement
prevents the “cheating” solution that keeps only one sam-
ple element from the join result and returns it for every
single operation.

Recent years have witnessed considerable research in-
terest in join sampling, a trend that can be attributed to
at least three key factors. First, with the rapid growth
in database volumes, the result size of a natural join in-
creases combinatorially. This fundamentally changes
the way users interact with databases: it is no longer
practical to materialize or display the entire join result.
Instead, users are increasingly turning to sampling-based
methods to explore large query outputs. Second, many
analytical tasks — especially those of a statistical na-
ture — can actually be carried out effectively on samples
rather than full join results. Third, join sampling can
usually be performed significantly faster than producing
the complete join result.

A main objective of this article is to present an ele-
gant box-tree technique for join sampling that has been
developed by the database theory community in recent
years. The technique is simple enough to be taught in
a graduate-level course, yet powerful enough to yield
sampling algorithms and data structures with theoretical
guarantees that match the state of the art up to polyloga-
rithmic factors. The technique finds its root in two split
theorems, which reveal a beautiful mathematical struc-
ture — specifically, a geometric structure — underlying
natural joins. We will provide self-contained proofs of
both theorems using elementary arguments.

The remainder of this article is organized as follows.
Section 2 lays the foundation for our discussion by for-
malizing natural joins, degree constraints, and the prob-
lems of join reporting and sampling. Section 3 introduces
the polymatroid bound, a key parameter for character-
izing the performance of join reporting and sampling
algorithms. Section 4 presents the article’s main protag-
onist — the split theorems — and elaborates on their



derivation. Section 5 demonstrates how these theorems
can be applied to derive algorithms that perform join
sampling and reporting with strong efficiency guarantees.
Section 6 surveys related work and discusses alternative
approaches to join reporting and sampling. Finally, Sec-
tion 7 concludes with a summary and some remarks for
future research.

2. FORMALIZATION

Math Conventions. The symbol N represents the set of
integers. For an integer x > 1, the notation [x] denotes
the set {1, 2, ..., 2}; as a special case, [0] gives the empty
set. Every logarithm log(-) has base 2.

Tuples and Relations. Let att be a finite set, where
each element is called an attribute. For a non-empty
set X C att of attributes, a tuple over X is a function
u : X — N. For any non-empty subset Y C X, we
define u[Y] — called the projection of uw on Y — as
the tuple v over ) satisfying v(Y) = u(Y") for every
attribute Y € ). A relation R is a set of tuples over the
same set Z of attributes; we refer to Z as the schema of
R and represent it as schema(R).

Joins. We define a join as a set Q of relations with
distinct schemas. Let schema(Q) be the union of the
attributes of the relations in Q, i.e., schema(Q) =
Ugreg schema(R). The result of Q is a relation over
schema(Q) formalized as:

join(Q) = {tuple u over schema(Q) | VR € Q:
u[schema(R)] € R}. (1)

Degrees. Let R be a relation. For subsets X’ and ) of
schema(R) satisfying X C ) — note: X is a proper
subset of Y — define the (Y| X')-degree of R as

degy\X(R)

= max
tuple u over X

Hv[y] |ve R, v[X] = u}’ )

For an intuitive explanation, imagine grouping the tuples
of R by X and counting, for each group, how many
distinct J-projections therein. Then, the ()| X)-degree
of R equals the maximum count of all groups. Note that,
when X' = (), then degy,|  (R) is simply [Ty ()| where
II is the “projection” operator in relational algebra. If in
addition ) = schema(R), then degy, v (R) = |R|.

Degree Constraints. We define a degree constraint as
a triple (X, ), Ny‘x) where X and ) are subsets of
att satisfying X C Y, and Ny|X > 11is an integer. A
relation R is said to guard the constraint if

Y C schema(R), and degy, x(R) < Ny)x.
Let DegC be a set of degree constraints. It defines a

constraint dependency graph G as follows:

8

e The vertex set of G consists of every attribute Y €
att such that Y € ) for at least one constraint
(X, y, Ny‘x) S DegC

e For each degree constraint (X', Y, Ny ) € DegC
with X # (), the graph G has a directed edge from
X to Y for every pair (X,Y) € X x (Y\ X).

If G is an acyclic graph, DegC is said to be acyclic;
otherwise, DegC is cyclic.

The set DegC is said to be clean if it does not have
two constraints (X, ), Ny, x) and (X', )", Ny x/) with
X = X' and Y = ). Intuitively, when two such con-
straints exist — w.l.o.g., assume Ny‘;( < Ny/|)(/ — the
constraint (X”,)", Ny /) is redundant and can be re-
moved from DegC.

A join Q is said to conform to DegC — written as
Q = DegC — if the two following conditions hold:

e For each relation R € Q, the set DegC contains
a constraint (X,), Ny|x) where X = 0, Y =
schema(R), and Ny = |R|. This constraint is
referred to as a cardinality constraint.

e Every constraint in DegC is guarded by at least
one relation in Q.

As an important special case, when DegC consists purely
of cardinality constraints, G has no edges and, therefore,
is trivially acyclic. In general, one should avoid the mis-
conception that “an acyclic G implies Q being an acyclic
join”. These two notions of acyclicity are unrelated.
Readers unfamiliar with the concept of an acyclic join
may refer to [1, Chapter 6.4].

Join Reporting and Sampling. Given (i) a join Q whose
schema(Q) has a constant size (this article focuses on
“data complexity”) and (ii) a clean, acyclic set DegC of
degree constraints such that Q = DegC, we will discuss
three representative problems:

e Join reporting. Compute the join result join(Q),
as defined in (1).

o Small-delay enumeration. Given a positive inte-
ger A, preprocess Q into a data structure that enu-
merates join(Q) with a delay of A. Specifically,
within O(A) time, the enumeration algorithm must
report a tuple in join(Q) or declare join(Q) = 0.
Thereafter, within each subsequent O(A) time pe-
riod, the algorithm must either report a new tuple
in join(Q) or declare the end of enumeration.

e Join sampling. Preprocess Q into a data structure
that supports sampling a tuple uniformly at ran-
dom from join(Q). Repeated invocations of the
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sampling operation should produce mutually inde-
pendent samples.

These problems have been studied extensively and often
in isolation (see Section 6). As shown in Section 5, they
actually share a common geometric structure.

We reserve the symbols IN and OUT for ) .o | R
and |join(Q)|, respectively, which we refer to as the
input size and output size of Q.

3. POLYMATROID BOUNDS

Fix an arbitrary clean, acyclic set DegC of degree
constraints. Define

V= U V; 3)
(X,Y,Ny|x)€DegC
namely, V is the vertex set in the constraint dependency

graph defined by DegC.

We formulate the XY-space of DegC as
space(DegC) = {(X,¥) | (X,¥, Ny,x) € DegCl.

Henceforth, the symbol 7 will be used to reference a pair
(X,Y) in space(DegC). Accordingly, we use

e N, to represent the value of Ny, in the corre-
sponding constraint (X, Y, Ny|x) € DegC;

e (m, Ny) to represent the constraint (X', V), Ny x);

o diffatt(r) to represent the set ) \ X.

The introduction of XY-space permits us to define
vectors over it. Specifically, every such vector W has a
component W, which is a real value, for each pair 7 €
space(DegC). The vector W is said to be a fractional
XY-pair cover of DegC if it satisfies two conditions:

e 0 < W, < 1forevery 7 € space(DegC).

. > Wy > 1forevery A € V.
mespace(DegC)
s.t. Aediffatt(m)

Every fractional XY-pair cover W is associated with a
polymatroid value defined as

polymaty, = H NW=, “4)
wespace(DegC)
We now introduce a crucial lemma that relates poly-

matroid values to joins.

LEMMA 1 ([18,21]). Let Q be an arbitrary join
conforming to DegC. Given any fractional XY-pair
cover W of DegG, it holds that |join(Q)| < polymaty;.

SIGMOD Record, December 2025 (Vol. 54, No. 4)

An optimal fractional XY-pair cover of DegC is a
fractional XY-pair cover W* minimizing (4). Lemma 1
assures us that if Q@ = DegC, then the output size of
@ is at most the polymatroid value determined by W*,
which we refer to as the polymatroid bound of Q.

Polymatroid bounds are asymptotically tight in the
worst case. To explain, let us call a clean, acyclic set of
degree constraints realizable if there exists at least one
join that conforms to it. For any realizable set DegC
of degree constraints, it is possible [27] to construct a
join Q satisfying the conditions that Q = DegC and
ljoin(Q)| = Q(polymatyy.), where W* is an optimal
fractional XY-pair cover of DegC.

Relevance to the AGM Bound. Before proceeding,
we draw relevance from the polymatroid bound to the
“AGM bound” [4], which is well known in the database
community nowadays. As will be clear shortly, the con-
cepts introduced earlier in this section generalize those
underlying the AGM bound.

Given a join Q, we use # to denote the hypergraph
(Vx, Ex) where

Vy schema(Q)
En {schema(R) | R € Q}.

For each hyperedge e € £, let R, represent the (only)
relation R € Q with e = schema(R).

Next, we regard F)4; as a “space” and define vectors
over it. Every such vector % has a component %, which
is a real value, for each hyperedge e € £3;. The vector
W is said to be a fractional edge cover of H if it satisfies
two conditions:

e 0 < W, <1foreverye € Ey.
° ZeeEH:AEe W, > 1forevery A € Vy.
Every fractional edge cover # is associated with an

AGM value defined as
AGMy = ] IR.
e€Ey

As proved in [4], the inequality |join(Q)| < AGM
holds for any fractional edge cover % of H. An optimal
fractional edge cover of H is a fractional edge cover #*
minimizing (5). The AGM bound of Q is defined as the
AGM value of #'*.

We, (3)

The polymatroid bound of Q specializes to its AGM
bound when DegC comprises only the cardinality con-
straints from Q, that is, DegC = {(0, schema(R),
|R|) | R € Q}. In this case, the X Y-space space(DegC)
— which is {(@, schema(R)) | R € Q} — has a one-
one correspondence to £y,. Accordingly, every vector
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W over space(DegC) corresponds to a distinct vector
W over £y and vice versa: for each R € Q, the two
vectors satisfy W, = #. where 7 = (0, schema(R))
and e = schema(R). Hence, W is a fractional XY-pair
cover of DegC if and only if the corresponding # is
a fractional edge cover of £y. It thus follows from a
comparison of (4) and (5) that the polymatroid bound of
Q is simply its AGM bound.

In general, when DegC contains more than just car-
dinality constraints, the polymatroid bound of a join
Q |= DegC is never higher than its AGM bound.! On
the other hand, it is possible [18,27] to construct joins
where the polymatroid bound is significantly less than
the AGM bound.

4. SPLIT THEOREMS

In this section, we fix a join Q, and a clean, acyclic
set DegC of degree constraints such that Q = DegC.
Denote by G the constraint dependency graph of DegC,
and by V the vertex set of G (see (3)); note that V =
schema(Q). Set d = |V, and let the attribute sequence

A17A25"'7Ad (6)

be an (arbitrary) topological order of G. This is an im-
portant order that we will rely on in our discussion. Such
an order definitely exists because G is acyclic. It is worth
emphasizing that the order includes every attribute in
schema(Q).

Recall that, for each m = (X, )) in space(DegC), the
notation (7, Ny ) represents the constraint (X', V), Ny, x).
We denote by R, the relation in Q guarding this con-
straint. Such a relation must exist because Q = DegC.
In case 7 is guarded by multiple relations in Q, any one
of them may serve as R .

4.1 “Boxing” Everything

We use the term box to refer to a rectangle B in N¢
of the form [x1,y1] X [22,¥2] X ... X [24,yq]. For any
i € [d], let B(A;) represent the interval [x;, y;], i.e., the
projection of B onto the ¢-th dimension. Particularly,
we say that B(A;) is a singleton interval if x; = y;. If
B(A;) is a singleton interval on all ¢ € [d], we call B a
singleton box.

For each relation R € Q, we define

R(B) = {tupleu € R |

VA; € schema(R) : u(A;) € B(A;)}. (7)
'Given an optimal fractional edge cover # * of H, one can
always construct a fractional XY-pair cover W of DegC
with polymaty, = AGMy+. Hence, polymaty,. <
polymaty, = AGM » +, where W™ is an optimal fractional
XY-pair cover of DegC.
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Intuitively, R(B) is the subset of tuples in R that are
“selected” by B. Accordingly, define

Q(B)={R(B) | R € 9Q}. ®)
Note that Q(B) is a join.
Next, we build a set of degree constraints — denoted as

DegC(B) — dedicated to Q(B). Consider an arbitrary
constraint (7, N;) € DegC where 7 = (X, )). Define

Nx(B) = degy|x(Rx(B)) ©)

where — let us recall — R is the relation in Q guarding
(m, N). We can now express DegC(B) formally as:

DegC(B) = {(m, Nx(B)) | (w, N,) € DegC}.
The facts below are easy to verify:

e DegC(B) and DegC share the same XY-space.

e Any fractional XY-pair cover of DegC is also a
fractional XY-pair cover of DegC(B).

e Q(B) conforms to DegC(B).

Take any fractional XY-pair cover W of DegC (which
must also be a fractional XY-pair cover of DegC(B)).
The polymatroid value of W on B is defined as

polymaty, (B) = II (Nx(B))"~
mespace(DegC(B))
which can be rewritten as

polymaty, (B) = H
mespace(DegC)

(Nx(B)W=  (10)

because space(DegC) = space(DegC(B)).
By Lemma 1, we must have [join(Q(B))| <
polymaty, (B).

4.2 The Main Theorems

Given a non-singleton box B, we define its split di-
mension as the smallest o € [d] such that B(A, ) is not a
singleton interval. A set of boxes B1, Bo, ..., Bs (where
s > 2)is said to refine B if

e By, Bs, ..., By are mutually disjoint, and their
union is B;

e for every ¢ € [d] \ {0}, it holds that B;(A;) =
By(A;) = ...Bs(A;) = B(A)).

We now present the first split theorem:

THEOREM 2. (SIMPLE POLYMATROID SPLIT
THEOREM) Consider a clean, acyclic DegC of de-
gree constraints and a join Q conforming to DegC.
Denote by W an arbitrary fractional XY-pair cover of
DegC. Let B be a non-singleton box; and let By, By

SIGMOD Record, December 2025 (Vol. 54, No. 4)



be any two boxes refining B. We must have

polymaty, (B1) + polymaty, (Bs) < polymaty, (B).

As shown in Section 5, the above theorem is already
sufficient to obtain join reporting and sampling algo-
rithms with excellent guarantees. Nevertheless, it falls
short of revealing the combinatorial structure of the join
problem. In particular, the theorem does not ensure that
polymaty, (By) and polymaty, (Bz) are both substan-
tially lower than polymaty, (B). The next theorem reme-
dies this limitation.

THEOREM 3. (POLYMATROID SPLIT THEOREM)
Consider a clean, acyclic DegC of degree constraints
and a join Q conforming to DegC. Denote by W an
arbitrary fractional XY-pair cover of DegC. Let B
be a box with polymat, (B) > 2. There is a set S of
at most 2d + 1 boxes — where d = |schema(Q)| —
such that

(1) the boxes in S are mutually disjoint, and their
union is B;

(2) polymaty, (B') < 1 - polymaty, (B) holds for
every box B' € S;

(3) > picg polymaty, (B') < polymaty, (B).

When DegC contains only cardinality constraints (i.e.,
constraints (X,), Ny x) with X = ()), Theorem 3 re-
duces to the AGM split theorem proved by Deng, Lu, and
Tao [14].

4.3 Proving the Theorems

This subsection serves as a proof of Theorem 3; the
argument also establishes Theorem 2 as a by-product.
The material presented here is not required to follow the
subsequent sections.

Let us start with an arbitrary non-singleton box B with
split dimension 0. Let { By, B, ..., Bs} be asetof s > 2
boxes refining B. We will prove:

LEMMA 4. For any fractional XY-pair cover W of
DegC, it holds that

ZpolymatW(Bt) < polymaty, (B).
t=1
PROOF. Let us first review Friedgut’s inequality [15].
Fix arbitrary integers p and ¢ at least 1. Take a set of
non-negative real values {a;; | ¢ € [p|,j € [¢]}. In
addition, take another set of non-negative real values {b;
| i € [q]} satisfying Y7, b; > 1. Assuming 0° = 0,
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Friedgut’s inequality states that

Denote by o the split dimension of B. Define
P = {mespace(DegC) | A, € diffatt(m)}. (12)
Recall that each 7w denotes a pair (X,)) and that
diffatt(r) = Y\ X. Thus, A, € diffatt(n) tells us
that every attribute — say A; — in X must have an out-
edge to A, in G (the constraint dependency graph of

DegC). This further implies ¢ < o because the sequence
Ay, Ao, ..., Ay is a topological order of G.

For each ¢ € [s], we have from (10)

polymatyy (By)

= H (]Vﬂ(Bt))W7r

wespace(DegC)

-

(N2 (B - T (N2 (B

mespace(DegC)\ P TeP
< JI =@ [ (N (B (3)
wespace(DegC)\ P TeP

where the last step used the fact N (B;) < N, (B) for
all m € space(DegC), which holds true because B; C B
(the reader may want to revisit the definition in (9)).

Before proceeding, we need two observations. First, as
W is a fractional XY-pair cover of DegC, the definition
of P in (12) tells us

Z W, > 1. (14)

TeEP

Second, for every m € P, we must have
S
> Nx(By) = N« (B). (15)
t=1

To explain why, let us assume 7 = (X,)). As argued
earlier, every attribute in X precedes A, in the topo-
logical order A1, As, ..., Aq of G. This, together with
o being the split dimension of B, indicates that B(A)
must be a singleton interval on every attribute A € X.
As the set {B1, Ba, ..., Bs} refines B, we can assert that
Bi(A) is a singleton interval for all A € X’ and ¢ € [s].
Consider now the relation R, € Q that guards 7. All the
tuples in R, (B) must have exactly the same projection
on X. Hence, the (Y|X)-degree of R,(B) — which
is simply N, (B) — is the number of distinct projec-
tions on Y of the tuples in R (B). Similarly, for each
t € [s], the (V| X)-degree of R,(B;) — which is simply
N, (B;) — is the number of distinct projections on ) of
the tuples in R, (B;). As the attribute A, is in ), the

11



set of projections on ) made by the tuples in R (By) is
disjoint from the set made by the tuples in R, (By ), for
any 1 <t <t/ < s. This proves the correctness of (15).

Equipped with these observations, we can derive

ZpolymatW(Bt)
t=1

< I =)™ > [TWx(B)™
mespace(DegC)\ P t=1rmeP

< I[I @@ II > a(B)"
mespace(DegC)\ P TEP t=1

= H (NW(B))WW : H (]VTr(B))VV7r
wespace(DegC)\ P TeP

= polymaty, (B)

where the first inequality applied (13), the second applied
Friedgut’s inequality (12) — the application is made
possible by (14) — and the third applied (15). [

Theorem 2 is an immediate corollary of Lemma 4.
More effort is needed to prove Theorem 3. The rest of
the argument is built on ideas used in [14] to establish
the AGM split theorem.

Let us introduce a function replace(B, 1, ), where
B is a box, i is an integer in [d], and I is an interval of
integers. The function yields the box

B(A1) X ... x B(Aj—1) X I X B(A;41) X ... x B(Ay)

that is, replacing the projection of B on dimension ¢ with
1, while retaining its projections on the other dimensions.

Figure 1 presents an algorithm for splitting a box B
into a set S of smaller boxes meeting the requirements
of Theorem 3. The procedure, split (i, B), admits two
parameters: an integer ¢ € [d] and a box B = [z1, y1] X

.. X [x4,ya]. The box must satisfy the condition that
its projections on the first ¢ — 1 attributes should be
singleton intervals. Note that the condition is always met
when i is set to 1, regardless of B. Indeed, to obtain the
aforementioned set .S, one should invoke the procedure
with split(l, B).

The procedure split (i, B) examines a type of three-
way splits along dimension 7. Specifically, given an
integer z € [x;, y;], we can split B into three boxes:

Biepp = replace(B,i,[z;,z—1])
Binid replace(B,i, |z, z])
Byight := replace(B,i,[z+1,y]).

Note that Biep (resp., Brignt) does not exist if z = z;
(resp., y;). The procedure identifies the largest z sat-
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algorithm split (i, B)
/*assume B = [x1,y1] X ... X [24,ya]; it is required
that 1 = y1, x2a = yo, ..,and x;_1 = y;1 */
1. S« 0
2. z < the largest value in [z;, y;] s.t.
polymaty, (Bies) < 5 - polymatyy, (B)
where B = replace(B, i, [z;, 2 — 1])
ifz—1>xz;then S+ SU {Bleft}
Binia + replace(B, i, |z, z])
if i = d then add B,,,;q to S
else S« SUsplit(i+ 1, Bmig)
if z+1 <y, then S < S U {Byg} where
Byight < replace(B,i,[z+1,y:])
8. return S

Nownkw

Figure 1: A split algorithm for Theorem 3

isfying polymaty, (Biep) < 3 - polymaty, (B) (Line
2). Such a z must exist since the condition holds
for z = x;; in that case, B is empty and hence
polymatyy, (Biest) = 0. The boxes Biep and Bpigs, if
they exist, are added to S directly (Line 3 and 7). Let
us now turn our attention to B,,;4. Its projections on the
first ¢ dimensions are singleton intervals. If i = d, then
Bi;q has shrunk into a singleton box, in which case it
is also added to S (Line 5). Otherwise, we recursively
invoke split(i+ 1, Biiq) to split Byq into a set S’
of boxes and then merge S’ into S (Line 6).

Next, we show that the set S produced by
split(1, B) has the three properties in Theorem 3.
Property (1) is obvious and omitted.

To prove Property (2), we analyze each type of boxes
added to S:

e For every B created by a recursive call
split(i,B’) — here, B’ is some box in-
side B generated in the recursion — we have
polymatyy (Bier) < %~polymatW(B’) < %
polymaty, (B). Hence, every By, satisfies Prop-
erty (2).

o Consider the B, created by split(i, B’). By
definition of the value z at Line 2, it must hold that
polymatyy (Bieft U Bid) > % - polymaty, (B').
By Lemma 4, polymaty, (Bieft U Bpmia) +
polymatyy (Bright) < polymaty,(B’). This im-
plies polymatyy, (Byright) < % - polymaty, (B') <

% - polymaty, (B). Hence, every By, satisfies
Property (2).

e In all the recursive calls to split, the only
B,niq added to S is the one that has shrunk into
a singleton box (Line 5). For that B,,;;, we
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have polymatyy (Bmiq) < 1, which is at most
% - polymaty, (B) because polymatyy, (B) > 2.

Property (3) is a corollary of Lemma 4. At
any recursive call split(i,B’), the lemma guar-
antees  polymaty, (Biep) + polymatyy (Bmia)
polymaty, (Bright) < polymaty,(B’).  Now, the
property follows from a simple inductive argument on ¢,
essentially breaking polymatyy, (Bm:q) into the sum of
the polymatroid bounds of W on smaller boxes.

The set S returned by split(1l, B) has a size no
more than 2d + 1 because we add at most two boxes to
S for each i € [d — 1] and at most three for ¢ = d. This
completes the proof of Theorem 3.

S. THE BOX-TREE TECHNIQUE

This section will explain how to use the split theorems
to perform join reporting and sampling. We will strive
to use only Theorem 2, which is surprisingly powerful
— especially on static data (i.e., no updates) — despite
its primitive appearance. In Section 5.4, we include
a discussion of when the additional power offered by
Theorem 3 becomes useful.

Throughout the section, we fix

e ajoin Q and a clean, acyclic set DegC of degree
constraints such that Q = DegC;

e Ay, A, ..., Ay defined in (6) — recall that d =
|schema(Q)l;

e an optimal fractional XY-pair cover W* of DegC.

Note that polymaty;. is the polymatroid bound of Q.

We will make two assumptions until Section 5.4.
e Al: The input size IN of Q is a power of 2.

e A2: Attribute values lie in the so-called rank space.
Specifically, for any relation R € Q, any attribute
A € schema(R), and any tuple u € R, we con-
sider that u(A) is an integer in [IN].

These assumptions allow us to illustrate the core ideas
while abstracting away certain implementation details.
In fact, they are reasonable when the relations in Q are
static, as explained in Section 5.4.

From now, it is essential to view the join result from
a geometric perspective. Every tuple of join(Q) can be
seen as a point in the box [IN]¢ — subject to assumption
A2 — whose i-th coordinate (i € [d]) is the tuple’s value
on A;. Note, however, that the converse does not hold:
not every point in [IN]? necessarily corresponds to a
tuple of join(Q). We refer to [IN]? as the join space.
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5.1 The Box-Tree

Parameterized by an integer A > 1, the box tree T
is built by splitting the join space recursively. This is
a binary tree whose nodes are each associated with a
distinct box. Henceforth, we will denote a node using
its associated box. For a node B, we define its polyma-
troid value as polymaty; - (B); see (10) for its calcula-
tion. The polymatroid value of a node is at least the sum
of the polymatroid values of its children.

Specifically, the root of T is associated with the join
space. In general, consider a node associated with box
B. If node B has a polymatroid value at most A, it be-
comes a leaf of 7. Otherwise, B must be a non-singleton
box, which we split evenly along its split dimension
into two boxes By and Bs (the reader may want to re-
visit the definition of the split dimension in Section 4.2).
By Theorem 2, polymatyy. (B1) + polymatyy«(Ba) <
polymatyy, . (B). We then create two child nodes of B,
associated with B; and Bs, respectively. This completes
the definition of the box tree. It is worth mentioning that
even splits are always possible due to assumption Al.

The tree 7 has four properties:

e P1: Every internal node has a polymatroid value
over A, while every leaf node has a polymatroid
value at most A.

e P2: The leaf boxes are mutually disjoint and their
union is [IN]4.

e P3: 7 has height O(log IN).
e P4: T has O((polymatyy./A) - log IN) nodes.

Properties P1 and P2 follow immediately from the def-
inition of 7. To understand P3, notice that the box
of a child node covers half as many points in the join
space as that of its parent node. Since the join space
has IN“ points (assumption A2), it can be split at most
dlogIN = O(logIN) times before reducing to a sin-
gleton box (which must become a leaf because its poly-
matroid value is at most 1). Hence, the height of T is
O(logIN).

To prove P4, imagine removing all the leaf nodes of
T, and let 77 denote the resulting tree (note that 7 need
not be binary). Every leaf of 7" is an internal node in 7
and hence has a polymatroid value over A. The sum of
the polymatroid values of all leaves of 7’ cannot exceed
the polymatroid value of the root, which is precisely
polymaty,.. Hence, T has less than polymaty,./A
leaves, and thus at most O((polymatyy./A) - log IN)
nodes in total. This proves P4, since each node of 7" can
parent at most 2 leaves of 7.
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Henceforth, we assume a polymatroid oracle that can
calculate polymaty, . (B) for any box B. The imple-
mentation of such an oracle will be discussed in Sec-
tion 5.4. The reader can safely assume that each call takes
O(log IN) time by resorting to a separate data structure
of O(IN) space.

5.2 Join Reporting
Property P2 of the box tree 7 implies:

Ujoin(Q(B)) = join(Q).

leaf B

where Q(B) is defined in (8). This offers a simple way to
compute join(Q). Set A = 1 and generate the entire 7,
which (by property P4) requires O(polymatyy, . log IN)
CPU times plus O(polymaty, . log IN) calls to the poly-
matroid oracle. By property P1, each leaf B of T has a
polymatroid value at most 1. This implies that, for each
R € Q, the relation R(B) as defined in (7) has at most a
single tuple. Thus, join(Q(B)) can be obtained in O(1)
time. This yields a join reporting algorithm with run-
ning time O(polymaty,. log® IN), which is worst-case
optimal up to an O(log? IN) factor.

Let us now attend to the small-delay enumeration
problem (see Section 2), where the goal is to mini-
mize the space of the data structure. To build the
structure, first create a box tree 7 by setting the pa-
rameter A to the target delay. Collect the set £ of
leaves B whose Q(B) has a non-empty result. The
data structure simply stores £. The space consump-
tion is O((polylogy, - /A) log IN) by property P4. To
enumerate join(Q), for each box B € L we com-
pute join(Q(B)) using a worst-case optimal join al-
gorithm [21], which runs in O(polymaty,.(B)) =
O(A) time (property P1). This fulfills the delay re-
quirement as join(Q(B)) cannot be empty. In com-
parison, the state of the art [13, Proposition 3] de-
mands O((AGM/A)logIN) space, where AGM is
the AGM bound of Q. This is never better than
O((polylogyy,» /A)log IN) and can, in fact, be consid-
erably worse.

5.3 Join Sampling

We now tackle the join sampling problem defined in
Section 2. Let 7 be the box tree defined by A = 1.
However, rather than materializing the entire 7 (as in
Section 5.2), this time we store nothing of 7, but sample
its root-to-leaf paths on an “as-needed” basis.

The sample algorithm, shown in Figure 2, begins at
the root of 7. In general, if the algorithm is currently at
an internal node (with box) B, it first obtains the child
nodes By and By of B in T (this requires only splitting
B evenly on its split dimension; see Section 5.1). Then,
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algorithm sample

/* T is the box tree defined by A = 1 */

1. B « [IN]? /* the join space */

2. while polymaty, (B) > 1 do

obtain the child nodes By, By of Bin T

B™ < arand. value drawn according to (16)-(18)
if BT =__ then return “failure”

B+ BT

/* polymaty, (B) < 1 here */
if join(Q(B)) # () then

return the only tuple in join(Q(B))
9. else return “failure”

oSNk w

Sl

Figure 2: An algorithm for join sampling

it draws a random value B™ € {Bj, B, L} from the
following distribution:

PI'[B+ _ Bl] _ Polymatw* (Bl) (16)
polymatyy. (B)
PI'[B+ _ BQ] — Polymatw* (BQ) (17)
polymatyy« (B)
Pr[B* =1] = 1-Pr[B" =By] -
Pr[B" = By). (18)

If BY =1, then the algorithm declares “failure” and
terminates. Otherwise, it descends to the child B+.

Now consider that the algorithm has reached a leaf B,
whose polymatroid value is at most 1 (property P1). As
explained in Section 5.2, join(Q(B)) has at most one
tuple and can be computed in O(1) time. If join(Q(B))
is not empty, the algorithm returns the only tuple therein;
otherwise, it declares “failure”.

By Property P3, samp1le runs in O(log IN) time plus
O(logIN) calls to the polymatroid oracle. Whenever
sample does not declare failure, we say that it succeeds.
Next, we argue that if the algorithm succeeds, it returns
a uniformly random tuple from join(Q).

Fix an arbitrary tuple © € join(Q). As mentioned
at the beginning of Section 5, u can be regarded as a
point in the join space. Let B be the leaf of 7 whose
box covers that point — such a leaf must exist due to
Property P2. It must hold that

polymaty,.(B) = 1. (19)
To see why, note that polymaty,.(B) < 1 by prop-
erty P1, while, on the other hand, polymaty,.(B) >

ljoin(Q(B))| > 1. Let By, By, ..., By, be the nodes on
the path of 7 from the root to B (i.e., By is the root and
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By, = B). The probability that sample outputs w is

polymatyy. (B)
polymatyy, - ([IN]?)
1
polymaty, .

H polymatyy, . (B;)
1 polymatyy. (Bi—1)

(by (19)) (20)
As the above is identical for all u, we conclude that
sample returns a uniformly random tuple of join(Q)
whenever it succeeds.

The success probability of sample is

ouT

Z Pr[uisoutputf = ————.
polymat .«

u€join(Q)
In expectation, ”Ol%m# repeats of the algorithm are
needed to acquire a sample.

A special case occurs when OUT = 0 — this will
force us to repeat the algorithm forever. To remedy
the issue, we stop using sample after polymaty, . re-
peats and revert to a worst-case optimal join algorithm
(e.g., [21]) to compute join(Q) in O(polymatyy,.) time,
which will either confirm OUT = 0 or allow us to obtain
a random tuple of join(Q) with no extra cost.

We have not mentioned any data structure. Indeed,
the sample algorithm itself requires no data struc-
tures. Nevertheless, to implement a call to the poly-
matroid oracle in O(log IN) time, one still needs a data
structure of O(IN) space, as will be discussed in Sec-
tion 5.4. This makes the expected join sampling time

O(% log? IN), which is worse than the state

of the art [29] by only a factor of O(log® IN).

5.4 Discussion

We have made two assumptions, Al and A2, at the
beginning of Section 5. These assumptions are quite
“harmless” when the relations of Q are static. First, if
IN is not a power of 2, one can add dummy tuples to
increase IN to the nearest power of 2. Second, A2 can be
satisfied through value renaming: map the tuple values
to distinct elements in [IN], which can be achieved with
sorting in O(IN log IN) time.

If value renaming is difficult or inconvenient (e.g.,
when insertions are allowed), however, we would have
to work directly with the original tuple values. Suppose,
in general, that every value is in a domain [U] for some
integer U, which can be arbitrarily larger than IN. The
box tree T described in Section 5.1 still applies, but its
height becomes O(log U); accordingly, the number of
nodes in T becomes O((polymaty«/A)logU).
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This is a place where Theorem 3 is useful. Specifically,
it allows us build an alternative box tree 7 satisfying
properties P1-P4 without assumptions A1l and A2. Pa-
rameterized by an integer A > 2, this 7 is a (2d 4 1)-ary
tree whose nodes are each associated with a distinct box.
As before, the polymatroid value of a node is at least the
sum of the polymatroid values of its children. The root
of T is associated with NZ. In general, consider a node
associated with box B. If B has a polymatroid value at
most A, it becomes a leaf of 7. Otherwise, we split B
into a set S of boxes promised by Theorem 3 and, for
each B’ € S, create a child of B associated with B’.
This completes the definition of the new box tree.

Properties P1 and P2 follow immediately from the
definition. Regarding property P3, the argument in Sec-
tion 5.1 no longer works. Nevertheless, we can “rescue”
the property as follows. First, the polymatroid value
of the root is O(INd) (this is a trivial upper bound for
the polymatroid bound of Q). Every time we descend
a level, the polymatroid value drops by at least half, as
guaranteed by Theorem 3. Therefore, the number of lev-
els cannot exceed O(log IN). Finally, property P4 can
be established using an argument similar to the one in
Section 5.1.

All the algorithms in Sections 5.2 and 5.3 can be
adapted to work with the new box tree. Splitting a box
using Theorem 3 would require O(log IN) calls [14] to
the polymatroid oracle (rather than O(1) calls in Sec-
tion 5.1). This may cause a slow down in CPU time by a
factor of O(logIN).

Finally, we briefly discuss polymatroid oracles. The
essence of implementing such an oracle is to support a
range count operation on each relation R € Q. Assume,
w.lo.g., that schema(R) = {4;,, 4;,, ..., A;, }, where
t = |schema(R)| and i1 < iz < ... < ;. Define a lexi-
cographic order over R by regarding each tuple u € R
as a string of ¢ “characters”: w(A4;, )u(A;,).. u(4;,).
Given an interval [ over the lexicographic order, a range
count operation finds the number of tuples whose encod-
ings fall within /. It is elementary to design a structure
of O(IN) space that performs the operation in O(log IN)
time and supports an update in O(log IN) time.

6. A LITERATURE SURVEY

Modern research on natural joins was revitalized by
the discovery of the AGM bound — named after Atserias,
Grohe, and Marx [4] — which is an upper bound on the
join result size that is asymptotically tight in the worst
case under data complexity. Ngo et al. [23] designed
the first algorithm that computes a join Q in O(AGM)
time, where AGM 1is the AGM bound of Q. This is
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worst-case optimal because even just reporting the result
Jjoin(Q) may necessitate Q(AGM) time, as is implied
by the tightness of the AGM bound. Since then, the
community has developed quite a large number of join
algorithms [3,7,17,20,22,24-26,28] achieving the worst-
case optimal time, up to polylogarithmic factors.

The AGM bound, however, tends to be loose in prac-
tice. One reason is that it accounts only for cardinality
constraints (as are defined in Section 2), while ignoring
degree constraints (X', ), Ny x) with &' # 0. In [18],
Khamis, Ngo, and Suciu introduced the polymatroid
bound, which generalizes the AGM bound by incorpo-
rating all degree constraints. In Section 3, we described
polymatroid bounds for acyclic sets of degree constraints,
as they are the focus of this article. However, it should be
noted that polymatroid bounds also apply to cyclic sets
of degree constraints. Khamis, Ngo, and Suciu [18] pre-
sented an algorithm named PANDA that can process any
join Q in O(polymat polylog IN) time, where polymat
is the polymatroid bound of Q. In [21], Ngo showed
that the time can be improved to O(polymat) when the
set of degree constraints is acyclic. The running time is
worst-case optimal in the sense explained in Section 3.

Deep and Koutris [13] studied the small-delay enu-
meration problem in a setup more general than the one
defined in Section 2: their formulation allows a selec-
tion condition to be provided at runtime. Of particular
relevance here is the following variant of their setting:
a user supplies a box B and demands join(Q(B)) —
as defined in (8) — to be enumerated with a delay of
O(A). The goal is to process Q into a data structure to
support this operation for any B. The ideas presented in
Section 5.2 can be integrated with the standard dyadic
interval technique to achieve the purpose, although the
space consumption would increase by an O(polylog IN)
factor. Readers interested in this line of work may refer
to [31] for alternative space-delay tradeoffs.

For the problem of join sampling, improving over pre-
vious results [2,11,12], Deng, Lu, and Tao [14] presented
a structure of O(IN polylog IN) space that achieves ex-
pected sample time O(% polylog IN), where
OUT = |join(Q)|. They introduced the AGM split
theorem, which as mentioned earlier is the “AGM-
counterpart” of Theorem 3, and the box tree described
in Section 5.4. Kim et al. [19] improved the result
of [14] by shaving off the polylog IN factor in both
the space usage and sample time. Later, Wang and
Tao [29] managed to reduce the expected sample time to
O(polymat/ max{1, OUT}), while keeping the space
at O(IN), for joins with acyclic sets of degree constraints.
The methods of [19, 29] are rather sophisticated and

16

do not fall into the box-tree framework. Recently, tar-
geting the same type of joins as [29], Capelli, Irwin,
and Salvati [7] gave a structure of O(IN logIN) space
and O(% log IN) expected sample time. Their
method can be understood as a way to implement what
was described in Section 5.3.

Deng, Lu, and Tao [14] observed a connection between
join sampling and small-delay enumeration. Specifically,
they showed that the latter problem can be reduced, with
high probability (i.e., at least 1 — 1/IN® for any arbi-
trarily large constant), to the former. By applying their
reduction to the result of [29], one obtains with high
probability a structure of O(IN) space that can enumer-
ate join(Q) with a delay of O (26t polylog IN).
Even better, the enumeration actually produces a random
permutation of the elements in join(Q).

The three problems defined in Section 2 admit better
solutions when the join Q is “acyclic” as per the defi-
nition in [1, Chapter 6.4] (this should not be confused
with the notion of acyclicity on degree constraint sets).
Specifically, Yannakakis’ algorithm [30] settles the join
reporting problem in O(IN 4+ OUT) time. Moreover,
the algorithm implies a structure of O(IN) space that
can enumerate join(Q) with a constant-time delay. For
join sampling, one can preprocess an acyclic Q into a
structure of O(IN) space that guarantees O(1) sample
time [32].

In general, given a non-acyclic join Q, it is possi-
ble to convert it to an acyclic join Q" with exactly the
same result, i.e., join(Q) = join(Q’). The conver-
sion takes O(IN™™(9)) time, where fhtw(Q) is the frac-
tional hyper-tree width of Q. We refer the reader to [16]
for the precise calculation of fhtw(Q) and remark that
fhtw(Q) > 1 for every non-acyclic Q. The new join Q'
has an input size of O(INM™(2)) By combining this
idea with our earlier discussion on acyclic joins, one ob-
tains a structure of O(IN™™(2)) space that can be used
to enumerate join(Q) with a constant-time delay or to
sample from it in constant time.

Both the “small-delay enumeration” and “join sam-
pling” problems are closely related to the direct access
problem. Let < be a total order imposed on a join
result join(Q). Given an integer i € [OUT] (where
OUT = |join(Q)|), a direct-access query returns the
i-th tuple of join(Q) under the ordering of <. The goal
of the direct access problem is to preprocess Q into a

>The method of [7] treats a relation of ¢ attributes as an “ex-
panded” relation of ¢logIN attributes, each taking values O
or 1. We find that treatment unnecessary when adopting the
box-tree perspective.

SIGMOD Record, December 2025 (Vol. 54, No. 4)



data structure that can answer such a query in A time,
where A is a target bound. Given a direct-access struc-
ture and the value of OUT, we can enumerate join(Q)
with a delay of A by issuing direct-access queries with
i=1,2,...,0UT, respectively, or sample from join(Q)
in A time by issuing a query with a random ¢ € [OUT].
Readers interested in this topic may refer to represen-
tative works [5, 6, 8, 9] and the references therein. For
small-delay enumeration and join sampling, however, the
performance guarantees provided by the existing direct-
access methods are subsumed by the results stated earlier.

7. CONCLUSIONS

The box-tree technique is a method for join reporting
and sampling developed by the database theory commu-
nity in recent years. It is intuitive, conceptually clean,
and can be deployed easily to design algorithms for join
processing. Its theoretical foundation lies in the AGM
split theorem introduced by [14]. In this article, we
proved two new split theorems that extend the result
of [14] by replacing the AGM bound with a polyma-
troid bound. These new theorems further strengthen the
box-tree technique, enabling it to yield algorithms and
data structures that rival the current state of the art.

One limitation of the technique is that the box tree 7
has O(log IN) levels — the logarithmic factor prevents
the technique from fully matching the best time bounds
for join reporting and sampling. This limitation could be
eliminated at the risk of losing the technique’s elegance:
given a box B, we could split it, along its split dimen-
sion (see its meaning in Section 4.1), into a maximum
number of boxes B’ whose Q(B’) — as defined in (8)
— has a non-empty size. Such an approach allows us
to “reinterpret” the reporting algorithm of [21] and the
sampling algorithm of [29] from the box-tree perspective.
Nevertheless, we do not yet have an interpretation clean
enough for graduate-level classrooms at the moment.

Another, more severe limitation of the technique is
that it cannot deal with cyclic sets of degree constraints.
The root cause lies in our split theorems, which have
been proved only for acyclic sets of degree constraints.
We invite the community to address this open problem.
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Reminiscences on Influential Papers

This issue’s contributors cover works that are results
of paradigm shifts where data-intensive systems expanded
beyond relational model, disk-based performance opti-
mizations, one-dimensional data, and “small” scale. En-
joy reading!

While I will keep inviting members of the data man-
agement community, and neighboring communities, to
contribute to this column, I also welcome unsolicited
contributions. Please contact me if you are interested.

Pinar T6ziin, editor
IT University of Copenhagen, Denmark
pito@itu.dk

Genoveva Vargas-Solar
CNRS, University of Lyon, INSA Lyon, UCBL, LIRIS,
UMRA5205, Lyon, France

genoveva.vargas—-solar@cnrs.fr

Stella Gatziu, Andreas Geppert, and Klaus R. Dit-
trich.

The SAMOS active DBMS prototype.

In Proceedings of the International Conference on Man-
agement of Data (SIGMOD), 1995.

It was the time when the database community was ex-
panding beyond the relational model-embracing object-
oriented paradigms, rethinking consistency guarantees,
and redesigning DBMS architectures. I began my PhD
in the midst of this momentum, focusing on the chal-
lenges posed by active rules (Event—Condition—Action -
ECA). I joined a team working on early active object-
oriented databases via NAOS [1] which was the active
rules component of the object oriented database sys-
tem Osz. Equipped with seminal papers on the first
wave of approaches from the 1990s [6], I set out to com-
pare, grasp, and replicate these proposals to prepare for
meaningful contributions. My project focused on spec-
ifying and detecting simple and composite events aris-
ing not only from database operations but also from
sources external to the DBMS. Of the surveyed sys-
tems, SAMOS (Swiss Active-Mechanism based Object-
oriented database System) [3] was particularly influen-
tial for its rigorous event model and its efficient detec-
tion algorithm for complex event expressions. SAMOS
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was an active, object-oriented DBMS prototype from
the University of Zurich. It added ECA rules on top of
a passive OODB (ObjectStore), using a layered archi-
tecture so the base DBMS remained unmodified. Rules
were compiled, stored as objects, and executed by run-
time components (rule manager, composite-event detec-
tor, rule execution, SAMOS transactions). SAMOS al-
lowed to specify primitive and composite event types.
Primitive event types included time-based, method, in-
vocations, value changes, transactional, and application-
defined event types. Composite event types, were built
using an event algebra combining sequence (e1;ez2), con-
Junction (e1,e2), disjunction (e1 | e2), megation (—e
within an interval), and occurrence-reduction operators
(e.g., times(e, n), first occurrence). Parameters and tem-
poral scopes (e.g., object identifier, transaction identi-
fier, time windows) constrained which occurrences par-
ticipated in a composite and when to notify it. Ex-
ecution respected coupling modes with respect to the
execution scope of a transaction (immediate, deferred
(within or at the end of the triggering transaction), or
decoupled (separate transaction), while priorities order
competing rules on the same event. Conditions and ac-
tions were expressed in the host OODB’s DML (Data
Manipulation Language) (e.g., C++/ObjectStore).

In SAMOS, primitive events were notified at runtime
via raise_event and matched, using indexed descrip-
tors, against the catalog of rules that may respond.
Detection of composite events proceeded incrementally:
each primitive event advanced a Colored Petri net that
encoded the event pattern, and a composite was de-
clared when the net reached its terminal marking. Rule
execution adopted coupling modes through a dedicated
samTransaction mechanism, which controlled immedi-
ate, deferred, or decoupled firing, handled nested trig-
gers, and ensures recovery. Finally, SAMOS persisted
an event history so that complex patterns could span
multiple operations and, when configured, even multiple
transactions or sessions. The SAMOS event-detection
line of work anticipated several problems that later be-
came central in stream processing and continuous query-
ing. In particular, it tackled composite event detection
and the management of validity scopes (i.e., detection
and notification windows) both essential for observing
and reacting to the evolving state of complex systems,
whether within a DBMS and its applications, across dis-
tributed infrastructures, or in physical domains such as
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urban systems, traffic networks, and stock markets.
The work around SAMOS, and active databases more

broadly, shaped my research playbook: strategies, method-

ologies, and results that taught me how to balance revis-
iting core disciplinary problems with building real sys-
tems atop commercial platforms. Equally important, it
trained me to move fluidly between theory and imple-
mentation. I then had the chance to join the University
of Zurich’s database group for my postdoc, a hands-on
immersion in the very ideas I had studied through their
papers and books (and other seminal works), now tested
and extended in practice.

In an era where high-velocity data underpins many
analytics challenges, searching for and discovering event
patterns is central. Consolidating the knowledge built
over previous decades provides a solid foundation to ad-
dress today’s expectations and technological shifts (stor-
age architectures, distribution, compute capacity, vir-
tualization, and scale) to push event-centric analytics
forward with rigour and out of the box perspectives.

Thomas Heinis
Imperial College London, UK
t.heinis@imperial.ac.uk

Antonin Guttman.

R-trees: A Dynamic Index Structure for Spatial
Searching.

In Proceedings of the International Conference on Man-
agement of Data (SIGMOD), 1984.

Although some may regard it as a tried and tired
topic, I do find spatial indexing genuinely fascinating!
It extends the indexing problem into multiple dimen-
sions and introduces a set of challenges that are both
distinctive and intellectually compelling. In particular,
the total order that underpins most one-dimensional in-
dex structures does not carry over to higher dimensions.
This paper [4], however, finds an elegant solution that
would shape my career and the field.

I first encountered the paper at the start of my post-
doc, when I began working on indexing scientific data,
and it proved pivotal in setting me on a path toward de-
veloping many more spatial indexes. It has influenced
not only how I think about indexing, but also how I ap-
proach academic writing. At the time, publishing in this
area felt especially challenging because the field already
seemed crowded - there was no shortage of prior work
to contend with. In hindsight, I realise this is proba-
bly true of many research topics, but it certainly felt
differently then.

As incredible as its impact on my career felt, the im-
portance of the paper for the community, however, is
far more important. It’s certainly not the first paper on
spatial indexing but surely a seminal one in the devel-
opment and teaching of spatial indexes.

One of the striking aspects of the paper is its clarity
and restraint. The premise is simple: many applications
store objects that live in multi-dimensional space - rect-
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angles, regions, points, trajectories - and we need an in-
dex that supports efficient spatial queries such as “find
all objects that intersect this window.” Instead of trying
to shoehorn these objects into a one-dimensional order
with elaborate space-filling curves or ad hoc encodings,
Guttman starts from geometry itself: bound each object
by a minimal bounding rectangle (MBR) and build a
balanced tree where each internal node stores the MBR
of its children. The R-tree is, in some sense, the ob-
vious structure once you see it. But before this paper,
“obvious” was not how the database community thought
about spatial indexing.

The technical core of the paper is a tour through the
practical design space of such an index. It does not
hide behind a purely theoretical formulation. Instead,
it works through the gritty details that any real system
builder must face: how to split overflowing nodes, how
to choose where to insert a new rectangle so as to control
overlap and dead space, and how to propagate structural
changes while preserving balance and reasonable page
utilization. The split heuristics are not presented as ab-
stract optimization problems, but as concrete trade-offs
between CPU time and index quality. As a budding re-
searcher, this was one of the first times I saw a database
paper so explicitly embrace “engineering knobs” as first-
class research contributions. One of the aspects that
would also shape my personal approach to research and
its presentation.

Equally important is what the paper does not do. It
does not claim that the proposed heuristics are optimal.
It does not solve every variant of spatial query or every
workload pattern. Instead, it defines a clean abstrac-
tion and shows that it is versatile enough to support a
variety of queries (point, range, nearest neighbour-like
patterns) with competitive performance. This balance
between conceptual simplicity and practical complete-
ness is a hallmark of enduring systems work, and R-
trees are an exemplary case. There is no question that
this paper is and was hugely influential in the commu-
nity. R-trees quickly became the de facto access method
for spatial data in both research prototypes and indus-
trial systems. They influenced spatial extensions in re-
lational databases, underpinned early GIS engines, and
inspired a whole family of variants. Many generic index
frameworks, explicitly draw on the idea that you can pa-
rameterize a balanced tree by a bounding predicate and
a set of split/merge policies - an idea that Guttman’s
design makes tangible. Even today, when we talk about
“spatial indexes” in production systems, more often than
not we mean “some descendant of an R-tree.”

And there are many “descendants” of the R-Tree: R-
tree, R+-tree, R*-tree, Hilbert R-tree, Packed R-tree,
STR packed R-tree, R-link tree, Rl-tree, R-file, 2+3
R-tree, 3DR-tree, MV3R-tree, MVR-tree, HR-tree, RT-
tree, PR-tree, TPR-tree, TPR*-tree, BPR-tree, VCI R-
tree, ATPR-tree, STR-tree, STRIPES, STRIPES-tree,
Bx-tree, Bdual-tree, PR bucket quadtree, IR-tree, uR-
tree, GiST, R-tree-over-GiST, SP-GiST, MGiST, MSP-
GiST, RD-tree, X-tree, TV-tree, SR-tree, SS-tree, A-
tree, P+-tree, Pyramid-technique, Pyramid-tree, VA-
file, VA+-file, iDistance, iMinMax(0), iMinMax(0), LSB-
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tree, LSB forest, D-index, Local Dimensionality Re-
duction (LDR) index, Global Index (GI), Cluster in-
dex, Hybrid tree, M-tree, Slim-tree, PM-tree, Pivot-
ing M-tree, MVP-tree, mvp-tree, VP-tree, GNAT, EG-
NAT, SAT, M+-tree, DBM-tree, DBM-tree, LAESA,
OMNI, B-tree, B+-tree, B*-tree, B-link tree, ISAM, 2-
D ISAM, linear hashing, extendible hashing, multidi-
mensional extendible hashing, multidimensional order-
preserving linear hashing (MOLHPE), k-d tree, adap-
tive k-d tree, bintree, BSP-tree, BD-tree, GBD-tree, ex-
tended k-d tree, spatial k-d tree (skd-tree), k-d-B-tree,
hB-tree, hBP-tree, BV-tree, Cell tree, JP-tree, SP-tree,
P-tree, PLOP-hashing, grid file, multilevel grid file, two-
level grid file, twin grid file, generalized grid file, mul-
tilayer grid file, BANG file, buddy tree, z-ordering, Z-
order index, Morton order, Hilbert order, Hilbert curve
index, UB-tree, quadtree, PR quadtree, PM quadtree,
PMR quadtree, trie, Linear R-tree, Quadratic R-tree,
Greene’s R-tree, Priority R-tree, Packed Hilbert R-tree,
Dynamic Hilbert R-tree, Nearest-X packed R-tree, OMT
packed R-tree, TGS R-tree, ND R-tree, Cache-oblivious
R-tree, Buffered R-tree, Rsb-tree, RR-tree, RUM-tree,
LGUR-tree, FUR-tree, RW-tree, AI+R-tree, 3D R-tree,
HR+-tree, MR-tree, STAR-tree, REXP-tree, R1,2D3-
tree, R14+2D3-tree, Parametric R-tree, NSI R-tree, STP-
tree, GG TPR-tree, HTPR*-tree, RPPF-tree, PCFI+-
index, TB-tree, CSE-tree, ANR-tree, FNR-tree, S-TPR-
tree, RST-tree, IR2-tree, IRLi-tree, DIR-tree, CIR-tree,
CDIR-tree, WIR-tree, WIBR-tree, KR*-tree, SKI, R*-
IF, S2I, aR-tree, -tree, S-tree, Y-tree, Z-tree, cR-tree,
CR-tree, CR*-tree, Hilbert CR-tree, H-R-tree, MON-
tree, UTR-tree, LUR-tree, RUM+-tree, UST-tree, CT-
R-tree, Sketch RR-tree, Bulk-load TPR-tree, Horizon
TPR-tree, HTPR-tree, LGU TPR-tree, VRTPR-tree,
CRTPR-tree, MVTPR-tree, TPRU-tree, VTPR-tree, RP-
tree, RTR-tree, TP2R-tree, KR-tree, OST-tree, 3D hy-
brid R-tree (hybrid 3D R-tree), DR-tree, PA-tree, GS-
tree, PK-tree, PH-tree, By-tree, Bs-tree, VR-tree ...

I could go on. Probably not really, but ChatGPT
surely could!

The paper itself dates back to 1984 and survives in
a charmingly antiquated scanned form. As far as I can
tell, it was Guttman’s final publication. I tried to con-
tact him, but his LinkedIn profile indicates that he is
now retired - and, I feel, very much deservedly so. 1
find it remarkable that someone could write a seminal,
single-author paper - without even his supervisor, Mike
Stonebraker - that has attracted more than 12,000 cita-
tions, and then choose not to pursue an academic career
but instead move into industry - it has the energy of a
mic drop moment, but in the context of academial

Alexander Boehm
SAP SE, Germany

alexander.boehm@sap.com

Thomas Willhalm, Nicolae Popovici, Yazan Boshmaf,
Hasso Plattner, Alexander Zeier, and Jan Schaffner.

SIMD-Scan: Ultra Fast in-Memory Table Scan
using on-Chip Vector Processing Units.
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In Proceedings of the VLDB Endowment, 2009.

I visited VLDB 2009 as a last year PhD student, look-
ing for interesting topics to work on after graduating.
One paper especially caught my eye, as the set of au-
thors was quite remarkable: A joint team from Intel,
SAP, and the University of Potsdam, including SAP co-
founder Hasso Plattner, proposed novel techniques for
ultra-fast, hardware-accelerated database scans [9].

With the ultimate goal of creating an in-memory database

management system (DBMS) unifying both transactional
and analytical workloads in mind (as outlined by Plat-
tner’s SIGMOD 2009 keynote [7]), one of the key chal-
lenges that the paper addresses is to strike a balance
between high data compression and fast query process-
ing. At first glance, these goals seem to be conflicting:
High compression is essential for in-memory databases
as it reduces the amount of costly DRAM that is re-
quired for data storage. However, the decompression
effort during query processing creates additional over-
head, potentially reducing system performance, which
is the key value proposition of an in-memory DBMS.

In the paper, the authors show how vectorized pro-
cessing using Single Instruction, Multiple Data (SIMD)
instructions can be used to efficiently decompress bit-
encoded data (for bit lengths up to 32 bits). Moreover,
they discuss techniques for the fast evaluation of range
predicates using vectorized instructions, thereby signif-
icantly speeding up the scan operation. A follow-up
paper from ADMS 2013 [8] shows how to leverage the
more modern AXV?2 vector processing instructions up
to the point where memory bandwidth is becoming a
bottleneck, underlining how meaningful and powerful
the proposed concepts still are in the context of today’s
modern CPUs.

Apart from being impressive engineering, the key in-
sight from the paper is what remarkable opportunities
emerge when people collaborate across various domains.
By bringing together hardware experts and database en-
gineers, the paper demonstrates the high impact that
can be achieved with hardware/software co-design. While
the database community has recognized this importance
early on as e.g. demonstrated by SIGMOD’s DAMON
workshop which is successfully running since over 20
years now, papers like the one by Willhalm et al. are an
outstanding example of the practical benefits that can
be achieved.

To me, similar opportunities exist when looking “up”
the processing stack towards the applications and appli-
cation servers running “on top” of database management
systems. Like with hardware/software co-design, there
is the potential to optimize the end-to-end system per-
formance by taking a joint look from an application and
database perspective, leading to application/database
co-design.

Pamela Delgado
HEIG-VD, HES-SO, Switzerland
pamela.delgado@heig-vd.ch
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Benjamin Hindman, Andy Konwinski, Matei Zaharia,
Ali Ghodsi, Anthony D. Joseph, Randy Katz, Scott
Shenker, and Ion Stoica.

Mesos: A Platform for Fine-Grained Resource
Sharing in the Data Center.

In Proceedings of the 8th USENIX Conference on
Networked Systems Design and Implementation (NSDI),
2011.

I started my PhD during the aftermath of the big
data era, where its large-scale nature spawned several
interesting systems and data management challenges.
Many of the methods and principles introduced during
that decade are still relevant, and some incarnation of
them are used in today’s platforms. While some influen-
tial papers, like MapReduce [2], are widely recognized,
others have had a significant impact in ways that are
less immediately visible. One such paper is Mesos: A
platform for Fine-Grained resource sharing in the data
center [5]. As I explored the state of the art in resource
management during the early stages of my PhD, this
particular work really stood out.

One particular feature of Mesos was its two level schedul-

ing design. The original idea introduced in Mesos was
to have a thin coarse-grained scheduling layer and leave
the detailed decisions to the corresponding framework.
Concretely, the fact of combining more than one type of
scheduling co-existing in a cluster was inspiring for our
work on hybrid scheduling.

Another aspect of this paper that resonated with me
was the principle of including flexibility by design: the
ability to accommodate a wide range of use cases (in the
case of Mesos, Hadoop, MPI, and Torque batch schedul-
ing) in order to use resources more efficiently. Flexibility
is indeed something I still value deeply when designing
systems today. This flexibility also applies to hardware
heterogeneity, an aspect that is highly relevant in cur-
rent Machine Learning ecosystems.

One more arguably relevant aspect is data locality.
Over the years the importance of this aspect has changed
from a non-issue for centralized systems, to crucial for
distributed systems under potential network bottleneck
limitations. In the GPU and LLM era this is an aspect
that has gained even more prominence, motivating the
revision of ideas as the ones exposed in Mesos.

Nowadays, one can trace the influence of Mesos in
widely used systems for orchestration and deployment
of applications, such as Kubernetes. Such systems of-
fer a finer-grained resource management approach when
sharing resources—one of the key ideas introduced in
Mesos. Another such example is the idea of proposing
a two-level scheduler, also seen in systems like YARN.

Of course, the proposed system was not flawless. For
instance, Mesos offers resources, but frameworks can re-
ject this offer, which has its impracticalities and chal-
lenges. However, the ideas and methods introduced in
this work were and still are definitely out-of-the-box and
inspiring not just to me, but also to other researchers
and systems engineers. The imprint of its design and
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the principles it introduced have found wide adoption
in a broad range of applications.

1. REFERENCES

[1] Christine Collet, Thierry Coupaye, and T Svensen.
NAOS-Efficient and modular reactive capabilities
in an Object-Oriented Database System. In
Proceedings of the 20th International Conference
on Very Large Data Bases, pages 132-143, 1994.

[2] Jeffrey Dean and Sanjay Ghemawat. MapReduce:
Simplified Data Processing on Large Clusters.
Commun. ACM, 51(1):107-113, January 2008.

[3] Stella Gatziu, Andreas Geppert, and Klaus R.
Dittrich. The SAMOS active DBMS prototype. In
Proceedings of the 1995 ACM SIGMOD
International Conference on Management of Data,
SIGMOD ’95, page 480, New York, NY, USA,
1995. Association for Computing Machinery.

[4] Antonin Guttman. R-trees: A Dynamic Index
Structure for Spatial Searching. In Proceedings of
the 1984 ACM SIGMOD International Conference
on Management of Data, SIGMOD ’84, page
47-57, New York, NY, USA, 1984. Association for
Computing Machinery.

[5] Benjamin Hindman, Andy Konwinski, Matei
Zaharia, Ali Ghodsi, Anthony D. Joseph, Randy
Katz, Scott Shenker, and Ion Stoica. Mesos: A
Platform for Fine-Grained Resource Sharing in the
Data Center. In Proceedings of the 8th USENIX
Conference on Networked Systems Design and
Implementation, NSDI'11, page 295-308, USA,
2011. USENIX Association.

[6] Norman W Paton and Oscar Diaz. Active database
systems. ACM Computing Surveys (CSUR),
31(1):63-103, 1999.

[7] Hasso Plattner. A Common Database Approach for
OLTP and OLAP Using an in-Memory Column
Database. In Ugur Cetintemel, Stanley B. Zdonik,
Donald Kossmann, and Nesime Tatbul, editors,
Proceedings of the ACM SIGMOD International
Conference on Management of Data, SIGMOD
2009, Providence, Rhode Island, USA, June 29 -
July 2, 2009, pages 1-2. ACM, 2009.

[8] Thomas Willhalm, Ismail Oukid, Ingo Miiller, and
Franz Faerber. Vectorizing Database Column Scans
with Complex Predicates. In Rajesh Bordawekar,
Christian A. Lang, and Bugra Gedik, editors,
International Workshop on Accelerating Data
Management Systems Using Modern Processor and
Storage Architectures - ADMS 2013, Riva del
Garda, Trento, Italy, August 26, 2013, pages 1-12,
2013.

[9] Thomas Willhalm, Nicolae Popovici, Yazan
Boshmaf, Hasso Plattner, Alexander Zeier, and Jan
Schaffner. SIMD-Scan: Ultra Fast in-Memory
Table Scan using on-Chip Vector Processing Units.
Proc. VLDB Endow., 2(1):385-394, 20009.

SIGMOD Record, December 2025 (Vol. 54, No. 4)



Being a Mid-Career Academic: Challenges, Rewards, and Reflections

Khuzaima Daudjee

Cheriton School of Computer Science, University of Waterloo, Canada

Reaching mid-career can feel like walking into a
meeting where everyone assumes you’re chairing, and
you don’t know that. You then realize that the role you
hold in the room has changed, even if you don’t feel
particularly different. You’ve earned tenure, your name
starts appearing on committees, and people have started
asking you for advice as though you know what you’re
doing. The expectations change from proving you
belong to more about deciding what kind of scholar,
mentor, and community member you want to be. It is a
stage in one’s career that usually comes with more
autonomy, more responsibility, and perhaps the
realization that no one is keeping score except you.

Offering advice here feels a little presumptuous. I don’t
claim to have great wisdom; just experience, a few
lessons learned and plenty still in progress. And because
my research background is systems-oriented, my
perspective leans toward building stuff and practice, and
the belief that many things are clearer once you’ve built
something. Hopefully, some of what I will say next will
be useful; ignore what isn’t, and feel free to smile
politely while doing so (quiet eye-rolling is also
acceptable).

Mid-career brings a small but important pause. You start
noticing what kind of work you may be proud of, what
kind you don’t want to repeat, and where you actually
want to spend your time. You also realize that no one is
steering your trajectory except you, which is both
freeing and mildly unsettling.

Much thoughtful advice has already been offered by
colleagues on navigating the mid-career stage, so rather
than creating a list of recommendations, I’ll focus my
reflections around four themes from my own
experiences. I hope that some of these reflections would
be a useful read also for colleagues who are earlier in
their careers.

System Building

Let’s talk about two flavours of systems. Assume a
strong desire to make systems do something they
currently don’t do well, or should be able to do, given
the resources available. For example, some of my work
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has focused on making systems more adaptive. What do
I mean by adaptive? We’ve long asked two related
questions: given a workload, how should system
resources be managed? And given system resources,
how should we handle workloads? These two
intertwined questions suggest that the system itself
should learn about a workload as it runs, inferring
resource needs on the fly and dynamically adjusting
allocation and utilization. This line of thinking has
opened up an interesting set of problems for me: from
monitoring, modeling, control, and systems
architecture.

Another approach is to observe real systems in actual
use and ask: wouldn’t it be great if this system could do
X instead of Y, or X in addition to Y? Consequently, the
challenge becomes building the new capability in a way
that is principled, robust and well-integrated.
Underlying both approaches is a commitment to first-
principles system design: identify the bottlenecks,
reason about their causes, and then design mechanisms
that address them in a generalizable way. A principled
system doesn’t just work -- it works for the right
reasons.

This mindset opens choice in research directions not
only because they are ‘safe’ or acceptable to the
community but because they represent problems that we
believe matter. The freedom afforded by being mid-
career allows for pursuing bolder ideas — problems that
may not have obvious benchmarks, baselines or
guaranteed outcomes but that have the potential to
redefine how systems work. These are often higher-risk
directions, but they can be those that lead to significant
insight and impact. At this career stage, it is justifiable
to trust one’s own thoughts of what is important and to
build systems you want the world to have, rather than
only ones that fit into established categories.

Mentorship

Mentorship is often mentioned in the context of early-
career researchers, but it remains just as important at the
mid-career stage. Mid-career, the challenges shift.
Instead of narrowly focusing on generating publishable
results, researchers are often in the phase of making
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decisions that define their long-term research agenda
and leadership roles. These decisions are harder and
generally less structured. A senior mentor can provide
an outsider’s perspective when considering new
research directions, deciding whether to take on
administrative responsibilities, joining major grant
proposals, or dealing with institutional issues.
Mentorship at this stage is less about how to succeed
day-to-day and more about how to steer: how to choose
the kind of researcher, advisor, and contributor you
would like to be over the next decade.

What makes a good senior mentor? Trust and candor.
A senior mentor should be someone whose judgment
you respect and whose values you can relate to,
someone you feel comfortable asking anything, from
questions about research directions to sensitive
questions about conflict, opportunity, or burnout.
Importantly, a good mentor is not someone who simply
agrees with you: they challenge your viewpoint and may
offer advice you don’t necessarily want to hear, but that
can help you to see and understand your situation more
clearly. The value lies not only in the guidance, but also
in the advice that can bring about re-prioritization or a
change in perspective. Mid-career mentorship works
best when it is grounded in openness and a willingness
to consider discomfort as a signal of growth and not of
failure.

Micro-Visits

Short, focused, research visits of one to three weeks can
be an effective way to establish potential longer-term
collaborations. Unlike a sabbatical, they require
relatively less work to set up and can be scheduled
around teaching or administrative responsibilities. The
value of a micro-visit comes from time spent working
together with colleagues and their students. These
interactions can help to assimilate things that e-mail,
Zoom, or even co-authoring a paper cannot: how people
think, make decisions, and conduct research. A micro-
visit can help gauge whether there are genuine shared
interests and an intellectual fit. When these align, micro-
visits can naturally scale up into co-advised students,
shared grants, multi-year projects, and so on, leading to
long-term collaborations built on mutual understanding.

Service
Service often becomes distinctive at the mid-career
stage. Roles such as journal associate editorships,
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chairing PCs and organizing workshops stop being
“extra” and become part of how we help set the tone for
the field. What I’ve appreciated in these roles is the
chance to work with colleagues whose judgment you
come to trust. For example, putting together a call for
papers and deciding what kind of work we want to
encourage becomes, in some small way, a shared
research conversation. These collaborations are often
where one can learn quite a bit about how others put
value on a piece of work, and how they balance
openness with focus.

On the practical side, almost nothing is ever smooth
sailing. Deadlines can slip, and reviews can go missing.
Sometimes, we need to mediate tensions and deal with
unbalanced workloads. There’s no glamour in chasing
late reviewers or dealing with difficult cases, but it is
part of the job. What has helped me is watching how
more experienced colleagues handle these issues, how
they keep things moving without making them personal,
how they simplify processes to avoid recurring pain
points, and how they maintain fairness when there isn’t
a perfect answer. A key aspect of service is about
learning how to work with others when things are not
perfect.

Summary

Mid-career is less about checking boxes and more about
direction. It is a period where uncertainty and freedom
can co-exist, where the work becomes driven less by
external expectations and more by what feels
meaningful and interesting. It offers an opportunity to
think and consider not just what we can do, but what we
want to do, and how we want to show up for our
colleagues, collaborators, and students. As you shape
this next phase of your career, don’t sacrifice the parts
of life that make the work worth doing: your
relationships, your health, your interests, and the things
that matter to you. A career is not only what we build in
papers and systems. It is also what we build in ourselves
along the way.
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Data Ecology: Understanding and Designing
Data Ecosystems

Raul Castro Fernandez
The University of Chicago
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Data profoundly shapes our economic, political, and
social ecosystems, yet we have limited control over
its influence. Unchecked dataflows among agents can
distort or undermine these ecosystems. Analyzing
dataflows helps us understand their use and misuse, re-
vealing opportunities to harness their value. Beneficial
dataflows, such as hospitals sharing patient data, en-
hance healthcare outcomes, while harmful dataflows,
such as personal data sold to self-interested brokers,
cause substantial damage. Equally critical are absent
dataflows—such as banks or governments withholding
data due to competition or mistrust—that lead to un-
realized value. Despite their substantial impact, uni-
fied methods to manage dataflows effectively are lack-
ing. Current legal (regulations), economic (incentives),
and technical (privacy technologies) interventions are
developed independently without a clear evaluation of
their collective effectiveness.

Principles of Dataflows. To address this gap, I propose
the concept of Data Ecology: a research agenda aim-
ing to uncover principles that drive dataflows and to
design comprehensive interventions to steer them pos-
itively. A central problem of Data Ecology is: Given
a desirable outcome for a data ecosystem (such as in
a company, city, or government), what interventions
will lead agents’ actions to that goal? The research
agenda comprises three main areas: (i) formalizing the
fundamental questions; (ii) designing new interventions
(examples provided below); and (iii) evaluating inter-
ventions across diverse ecosystems. While some litera-
ture has explored these questions, data ecology provides
a new lens that brings existing work into a common
framework, helping us advance our understanding.

Preliminary and Ongoing Work. My group has explored
numerous data ecosystems, including data sharing [1]
and data markets [2, 3, 4, 5]. Data markets illustrate
the practical value of the Data Ecology approach. Typ-
ically, data marketplaces suffer from Arrow’s Informa-
tion Paradox, a situation where sellers refuse to release
data before payment (since data is non-rivalrous and
easily duplicated), and buyers resist paying before vali-
dating the data’s usefulness. This uncertainty leads to
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fewer transactions, limiting overall market efficiency.

Applying Data Ecology’s dataflow lens, we identified
this uncertainty as the critical bottleneck and developed
a technical intervention called data escrow [6] to resolve
it. Technically, a data escrow acts as a neutral interme-
diary: sellers securely register their datasets with the
escrow platform, and buyers delegate specific computa-
tions to evaluate the dataset’s value. For example, the
escrow could run a buyer’s machine learning model on
the seller’s dataset, returning only performance metrics
(e.g., accuracy improvements) and results that pass a
leakage filter. This approach enables buyers to verify
data quality and relevance without compromising the
seller’s proprietary information, effectively eliminating
data leakage risks.

Ongoing research extends this work to internal and
external data-sharing markets, exploring foundational
questions about data’s intrinsic value [7], such as why
specific dataflows emerge and what constitutes a “good”
or beneficial data ecosystem.

Opportunities for the database community.  The
database research community is uniquely positioned
to contribute to technical interventions in Data Ecol-
ogy. Potential research avenues include: 1) Controlling
Dataflows: Investigating privacy-preserving techniques
beyond differential privacy and data escrows, such
as secure multi-party computation and zero-knowledge
proofs, to manage dataflows securely and flexibly. 2)
Enhanced Provenance Techniques: Developing novel
or adapted provenance systems that can reliably trace
dataflows across complex ecosystems, providing con-
trolled transparency where needed. 3) Internal Data
Market Design: Designing effective internal market-
places [2] to efficiently transfer tacit organizational
knowledge about data use, quality, and context.

The Road Ahead. The ultimate goal of data ecology
is to provide a general theory and mechanisms for un-
derstanding and controlling dataflows. Data shapes our
world, but the final form need not be fixed. Data ecol-
ogy’s tools are more critical than ever as data’s influence
on our world broadens and intensifies.
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Angela Bonifati Speaks Out on
Research, Grants, and Collaborations

H. V. ]Jagadish and Vanessa Braganholo

Angela Bonifati

https://perso.liris.cnrs.fr/angela.bonifati/

Welcome to ACM SIGMOD Record’s series of interviews with distinguished members of the database community. It
is my pleasure to host Angela Bonifati today. She is a Distinguished Professor of Computer Science at Lyon 1
University, Head of the Database Research Group at the CNRS Liris Research Lab, and a senior member of the
Institut Universitaire de France. I'm H. V. Jagadish, and I'm glad that Professor Bonifati is with us today. So, let's
dive in. Welcome, Angela!
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You have many daffiliations, one of which is the French
University Institute, which may not be well-known to
people outside France. Can you tell us a little about
what that is?

Thank you, Jag, for the invitation. I'm really honored to
be part of this series and to answer your questions today.

The French University Institute is a service of the
French Ministry of Education that recognizes university
professors across all domains in France. Only very few
individuals are recognized. Around 2% of French
university faculty are members of this institute. I'm a
senior member, which means the share of members who
are older than 40. What I receive as benefits from this
institute is a waiver of part of my teaching service for
the next 5 years, and also a national award of scientific
excellence. There is also a small research grant from
which I'm now hiring a postdoc.

Thank you. I was thinking about your research
accomplishments (which you have many and we won'’t
have time to talk about all of them today). In my mind, [
put them in three main buckets: XML, schema matching,
and graph databases. Of course, what you've done is not
limited to these three, but this is just to create some
structure. Could you tell us a little bit about how your
research interests have evolved across these and other
areas?

Yes, of course. I'm really happy to talk about this. I
started to do research on data management during the
XML hype, and this was during my PhD. At the end of
my PhD, I began working on schema matching and
mapping, and started to become interested in data
integration problems. Later on, I was interested to
explore the interplay between those areas and I also
considered combinations of schema mapping with
heterogeneous XML data. Starting from 2010, there was
the explosion of Graph Data Management Systems, and
I also started to work on these new NoSQL data
systems. That was the start of companies such as Neo4;.
I then continued working on data integration, schema
mapping, and matching.

XML was over, if you remember, around those years, so
I kept working on these two areas of graph databases
and data integration. Recently, 1 worked on
transforming graph data, where the latter can be
obtained from any kind of format (even relational data
and time series), to actually integrate this into a property
graph. As you can see, the three areas are not siloed, but

I Renzo Angles et al: PG-Schema: Schemas for Property
Graphs. Proc. ACM Manag. Data 1(2): 198:1-198:25
(2023).
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I always kept studying the interplay between them at an
abstract level, with concrete contributions.

1 guess in particular, graph databases and more
broadly, graph processing and curation, is what you're
really focused on lately, as far as I can tell. Can you tell
us a little bit about your perspective about these areas?
What's interesting and cool about them, what makes you
passionate about these?

They are a very interesting new technology for data
management, in my opinion. There is a wide landscape
of graph engines and graph data systems that have
appeared since the inception of graph databases in 2010.
What happened is that there were so many tools and so
many engines, and also so many query languages behind
these tools. And these languages were not unified.
That's why, about two years ago, there was this effort,
driven by academia and industry, to standardize these
languages. In particular, in 2023 and 2024, the first
standardized Graph Query languages, namely SQL/
PGQ and GQL, appeared as a first version of the
standards for query languages for property graphs. And
these are the first standards after SQL, after the
standards that we know for relational databases.

That's why I see this area as really flourishing now. And
I was lucky, because during the pandemic, I was part of
the LDBC working group, which was working in liaison
with the standardization body. I was working on
property graph schemas and constraint languages, and
these were published' in the Industrial Track of
SIGMOD in collaboration with people from the
industry. We have to think about the fact that some of
these standards will now be implemented in the tools.
So all these companies that are part of this effort will
take their own language and implement some of the
features of the standard. So, that's why I'm really excited
about this area. And then, of course, I'm a professor, so
I had grants on these topics.

And as you know, there are a lot of things that one can
do on top of these standardized languages. 1 was
working on graph transformations using standardized
languages, and now, lately, I'm also exploring the
boundaries between graph databases and artificial
intelligence, especially for curation processes.

In terms of grants and grant-making, you've recently
obtained an ERC Advanced Grant, which is a high
recognition for leading researchers in Europe. I believe
it's the largest kind of grant that researchers in Europe
strive for. It's a very competitive thing, so
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congratulations! Can you tell us a little more about your
vision for this grant and the research that you are about
to start, and what you think this will lead to?

Thank you! Yes, I'm really excited about this grant. As
you said, this is the most prestigious individual grant
that European researchers can get in their careers, and
it's very competitive. So, I was extremely happy to
receive this grant that will start on December 1st this
year. So the name of this grant is ERC GO-Y
(pronounced “Go Why”), and guess what? This grant is
on unifying graph databases and causal models used in
Al

It starts from the observation that in our data systems
(and this observation can also be made for relational
databases), we have been focusing mainly on processing
and pre-processing. But here in this grant, I envision a
radical shift: having data systems that are actually
guided by causality, by being able not only to return
results, or to be able to do pre-processing, processing,
or transformation of the data, but also to return the
explanation behind the processes. And what I see behind
the explanation is to be able to return the causes that are
behind the effects.

In this 5-year project, I intend to address the
development of theoretical foundations and also tools to
be able to understand the causes behind the data and to
be able to execute and evaluate these causal graph
operations in our data systems. I work on graph
databases, so when I wrote the grant, I realized that the
theory of causation uses directed acyclic graphs to
encode cause-and-effect relationships, and this can
actually be encoded within a graph database. And this
opens up a lot of research topics and data management
tasks that, right now, are not there because people do
these things with ad-hoc scripts. Additionally, they do it
for one dataset or one causal question at a time, whereas
in data systems, we can work with any dataset, and we
can work with any query. Therefore, I think there is a
lot of potential there to unify these areas that have been
kept separate so far. The GO-Y grant will eventually
explore the interplay between data management and
causal Al, leading to implement causal processes in a
database.

So, you mentioned that this was an individual grant, so
it's all you? Are there other collaborators involved?

No, it's just for me and my team in Lyon. It's actually a
huge grant, it's almost 2.5 million euros, only for my

team. There is no consortium behind this grant.

No wonder it's so prestigious and so difficult!
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Turning to some non-technical questions, when you
have a big grant like this, the odds of getting it are very
low, even for very good people, doing very good work.
It's highly competitive, as we were talking about. So,
what’s your philosophy behind this, and what would
your advice be to others who might be thinking about
this? Should researchers go after these big prizes with
low odds, or is it better to put energy into things that are
more likely to succeed, even if they're not as big? How
do you balance these?

It's a difficult question. I don't know whether I can give
credible advice there, because it depends on the
individual experience. You can apply to an ERC
depending on the stage of your career. They have the
Starting Grants, then they have the Consolidator Grants,
which are targeted for mid-career researchers, and then
they have the Advanced Grants, which are for senior
people like me. I never applied for Starting or
Consolidator grants. I was working with smaller grants
before, also with the European grants, in a consortium
with other people.

I think one needs a bit of training with other grants that
are probably much easier to get before going to ERC. In
my case, it was useful to have been funded by other
agencies before ERC. But, I would -certainly
recommend it to people who are at a certain stage of
their career, and even junior researchers, if they feel
they have reached the peak of their career, that they have
a lot of contributions, and they are doing a lot of
research. Even if the chances are low, nothing is lost,
because we know that writing a grant brings us to do
some brainstorming, think about our future research
topics, and the grant can always be funded by other
agencies. So [ would definitely recommend researchers
who feel they are ready to go for an ERC, to go for an
ERC.

I have a bare minimum
requirement [for collaborating
with Young PhD students and
post-docs], that is I want to
work with people who can
meet the deadlines, and who
are very serious about their
work.

Can you tell us about your own professional arc? You
started in Calabria, and are currently in Lyon, and have
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been in multiple places along the way: first in Italy, then
in France. How did you decide to stay in some place, or
to look for better opportunities?

In my case, I was trying to choose a place based on the
actual possibility of doing research in that place. I
always wanted to do research. You know that,
especially in France, but also in Italy, one can be
consumed by other activities, right? It could be an admin
or a huge teaching load. I tried to choose the place based
on the possibility of doing research, and I always look
for endowed research chairs as part of the job positions.
These are very common in France, similar to the French
University Institute. I had a couple of years in which
each year [ was basically waiving my teaching service.
And this explains why I moved around some places,
because whenever I felt that I did not have enough time
to do research, then I told myself, “Maybe I should look
for a new place.”

In terms of countries, I've been lucky because I moved
basically from Calabria, in southern Italy, to France,
well, to northern France at the very beginning, and then
to Lyon, which is in southern France. But the two
countries are very similar, too. I also had a few extensive
visits in North America and Canada.

I'm quite happy about what I did, because I've always
been driven by the intention of doing more research. I
think the various parts are part of the whole, right?

What I look for in my
collaborations is to learn from
others.

Even though you've been at multiple places, they've all,
as far as I know, been academic, or at least quasi-
academic, like INRIA, and so on. How do you feel about
working in industry or industrial labs?

That is one possibility that I haven't explored. During
my PhD, I did an internship in industry. I was at HP
Labs in California, and I had a great experience there,
both personally and professionally. I was working in
Umeshwar Dayal’s team for a 3-month internship. We
published a paper? in the industrial track at VLDB 2001.
But as you remember, the industry was hitting a crisis
after the year 2000, laying off many people. And even
though 1 liked this industrial experience, 1 thought I
should stay in academia, and I looked for a postdoc. And

2 Angela Bonifati, Fabio Casati, Umeshwar Dayal, Ming-
Chien Shan. Warehousing Workflow Data: Challenges and
Opportunities. VLDB 2001: 649-652.
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then, starting from my postdoc, I went directly to
academia, and I basically didn't regret it.

So I never felt the need to go into the industry, but of
course, I don't exclude it for the future. I've always been
collaborating with companies, so everything is open. I
don't exclude it.

You've had many collaborators: juniors and seniors,
from various places and various levels. But one thing
that kind of struck me was that even when you were a
junior researcher, you had already developed
collaborations with many senior researchers. Could you
say a little bit about your overall philosophy for
collaborations, and then perhaps also specifically about
how it came to be, and how you've had so many senior
collaborators early in life? What are your views on
that?

When I was at these visiting periods in North America,
all the collaborations happened there. I also had
collaborations with people in Europe. You are right,
maybe my collaborations were always with people who
are more senior than I am. What I look for in my
collaboration is to learn from others. So, it was not
intended, but you know, we learn from each other, and
especially from people who are more senior than us; we
learn a lot, because they have a lot of experience. This
is something that we already experimented with during
our PhD, because our PhD advisor has a lot of
experience. It worked well. I learned a lot from all my
collaborators.

I started these collaborations by chance, let's say.
Sometimes I was visiting a place, and I was expecting
to collaborate with someone, but this person didn't have
time. So I just started talking to another colleague, and
then we started to collaborate. You see, I would not say
I always choose people who are more senior than I am,
but it just happened, and in the end, the result is quite
satisfactory. And what are the qualities that I value in
my collaborators? If I also consider the collaborators in
my team, like the young PhD students or postdocs, I
have a bare minimum requirement, that is I want to work
with people who can meet the deadlines, and who are
very serious about their work. That's all.

That's very succinctly put. So, asking you a geopolitical

question: as a senior researcher in Europe, how do you
view research in Europe versus the rest of the world?
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Are there differences, both in terms of subject matter
and in terms of style, that you'd like to comment on?

That's a difficult question. I'm a European faculty
member, and as a researcher and educator, we are all
confronted with generative Al and with Al in general.
We can see that this Al landscape is rapidly evolving,
and everyone is trying to understand how to work with
it, so that we can only take the benefits of this new
technology, and we can avoid the shortcomings.

Europe has been working on some of the regulations for
Al. As you know, the EU Al Act was designed by the
European Commission. But what I notice in Europe is
that it is difficult to find agreement across European
countries, and unless it comes top-down from the
European Commission, then it is difficult to get all of
the European countries aligned, whereas it would be
good to have that. For instance, even in France, different
universities or research institutions are deciding their
own Al policies. Whereas we could decide together
what the Al policy should be, right? This would actually
let us control this technology.

It is very difficult to say what is the positioning that we
should have in research. I think more investment is
needed. In France, for instance, the government has
been funding these Research Institutes on Al. But there
were a few of them, and they were given to some cities
at the detriment of the others. I think more investment is
needed in Al if we want to be competitive in Europe
with respect to other continents.

I think we need more discussion, too. As computer
scientists, we need to discuss at all levels: as educators
in our universities, as people who are in charge of
deciding the future of conferences, etc. All the actors
should be involved in discussions. I think this is bottom-
up.

I also wanted to mention something else. I was reading
an article about the latest United Nations Summit, where
Yoshua Bengio mentioned the fact that now Gen Al is
becoming even more critical in security and peace. And
now in Europe we are there, right? [ mean, we have two
wars on our borders. So, I think that, as Europeans, we
should really take it seriously. Having our own Al
technology is important. With that, we will not only be
competitive in the IT sector but will also take care of
these critical issues, such as security and peace.

Talking about the research atmosphere more broadly.
As a senior woman researcher in a community with very
few women, are there comments that you'd like to make
to the community as a whole? Both with respect to the

3 Angela Bonifati: The Long and Winding Road to Mid-Career
Academia. SIGMOD Rec. 53(2): 48-51 (2024).
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database research community overall, and also
specifically with respect to your position in France.

I think mentoring is very important. I'm a senior woman
researcher in a community with a few women. What |
do is I try to mentor my (male or female) collaborators,
so that they learn how to navigate through their career
milestones. I wrote an article® on advice to mid-career
researchers in SIGMOD Record that appeared in July
2024. The gist of it is that, when somebody is in their
mid-career, they have passed this stage of independent
critical thinking. I was mentioning my own experience.
I've always been driven by curiosity, curiosity about
new research subjects, and then writing, writing down
your ideas. These were the suggestions. I don't think this
is a female-to-female suggestion. I mean, it could be
from female to male, for young people or mid-career
researchers. And I think mentoring. Mentoring both
ways. | mentor other people, and I’'m mentored by
people who are senior than me. I think that's the key to
having more people join this community.

[As Europeans,] Having our
own Al technology is
important. With that, we will
not only be competitive in the
IT sector but will also take care
of these critical issues, such as
security and peace

1 think that's a very positive statement, and that leads
me to ask you about your view of the community and
your vision for it as the new chair of SIGMOD. What
are your plans? What is your vision? What are the
things that you'd like to make better for all of us?

Thank you for the question. I'm really honored to have
been elected as the SIGMOD Chair. I started my term
on July 1%, and in the last few weeks, we have already
been discussing many issues. I see SIGMOD as part of
the SIG ecosystem of ACM, apart from being an
executive committee of the SIGMOD conference, and
also co-sponsoring other conferences. The fact that it
has these two aspects makes me busy on both sides.

The biggest challenge now on the ACM SIG landscape
is the transition to open access. As you know, in January
2026, ACM will start adopting open access. This means
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that people who don't belong to institutions that have
signed the open access agreement with ACM will have
to pay the APC fees. This is a big transition for
SIGMOD, and not only for SIGMOD, but for all the
other conferences that are sponsored by SIGMOD and
all the other ACM SIGs. So I'm really busy with this.

There are also other long-term challenges that are
awaiting us, such as Al in data management, ethics in
the review processes, and changes in the political
landscape that affect our community. All these
challenges are equally important, both at the ACM level
and at the conference level. So, I intend to work on both
aspects: SIGMOD as part of this ACM ecosystem, and
SIGMOD as an executive committee of the ACM
SIGMOD conference, and all the other SIGMOD-
sponsored conferences.

Thank you. Best of luck in terms of what you're planning
to do. I hope that's all very successful, and I look
forward to it.

Thanks.

I wanted to talk about one of the things that our
community has started to address in a very small way,
which is helping people balance their professional work
with family. A few conferences now have some help with
childcare, for example. You have brought your daughter
to some events, and you're managing all of the amazing
things that you've been doing recently, while also
having a young person that you're responsible for at
home. So, can you talk about both how you manage your
balance in terms of time, as well as are there things that
we as a community could do to make this easier on
others?

That's a difficult question. I think that the database
community already has many initiatives to help young
parents. There has been daycare, as you mentioned, in a
few of the last editions of conferences. And this is very
helpful for parents who want to attend the conference
and bring their children. This is very important. This
was not the case when my daughter was young. I
remember the first years, I could not travel to
conferences because I could just not bring her. The first
time I brought her to an event, it was in a Dagstuhl
Seminar. By chance, by going and checking the
Dagstuhl website, 1 discovered that they offer a
babysitter. And then I could take my daughter, because
the babysitter would take care of my kid during the
entire seminar. She was 5 years old at the time, and she
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had a great time. When we came back, she said, “Why
don't we go back again to that castle?”” And the reason
why I brought her, of course, was to spend more time
with her, because my partner could not keep her during
that week, and also because I wanted her to learn about
my job. And I think this actually happened.

Since then, whenever I can, if I have an event during
summer holidays when she can come, I just bring her.
And I think this is great, because she learns about my
job, she knows why I'm traveling, why she cannot come,
because she's at school, and I'm not at home. So, I would
suggest that parents do this. And of course, the
community can help there, as they're already doing, and
maybe more, with solutions. Solutions for keeping
children and having daycare during conferences.

So, going beyond work-life balance, I guess there's just
a question of time management and juggling many
different things. So, aside from having a school-aged
daughter, right now, you're on the VLDB Endowment
Board, you're a general chair of VLDB next year, you
have a large ERC project that you're just starting, and
you have been chair of SIGMOD now for the past couple
of months. So, how do you do all of this?

I don't know. I'm a very organized person. I didn't ask
myself this question before, but I think I'm very good at
time management, and I think I even learned to be better
at time management after becoming a parent, because I
knew that in the evening, for instance, I could not work
because I have to devote time to my kid. So, I just work
on various tasks during the day. If I have to say, I do it
in a round-robin fashion, in the sense that I dedicate
fixed slots during the day to each of these activities. I
mean, it worked in the past, so I'm very confident that it
will work in the future. Of course, I have these, as you
said, big challenges with VLDB 2026, and then ERC,
and then SIGMOD chair. I haven't done this before, but
I'm still optimistic. Let's see...

By the way, I also enjoy extra work activities, such as
spending time with my family, going for long walks,
and cooking, especially Italian cooking.

So, I guess we need to have another edition of Speaks
Out, where you will share your recipes with us.

Of course! With pleasure, with pleasure.
But for today, 1 just want to thank you.

Thank you, Jag.
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Retrieval-augmented Generation (RAG): What is There
for Data Management Researchers?

A discussion on research from a panel at LLM+Vector Data Workshop @ IEEE ICDE 2025
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1. INTRODUCTION

Large language models (LLMs) enable the state-of-
the-art in language processing by framing diverse tasks—
from code synthesis and healthcare to finance, digital
assistance, and scientific discovery—as next-token pre-
diction problems [38, 53, 60, 65, 72, 20, 68, 76, 32]. In
addition, LLMs enable automation in data science and
engineering, optimizing processes such as data analysis,
manipulation, querying, interpretation, research, and ed-
ucation [33, 7, 8, 22, 24, 42, 77, 37, 43, 44, 66, 49].

LLMs encode probabilistic token patterns instead of
maintaining explicit knowledge structures, which (1) con-
strains multi-step reasoning under the next-token predic-
tion paradigm; (2) ties outputs to static, pre-cutoff train-
ing data—undermining performance on evolving knowl-
edge tasks; and (3) lacks a built-in factual verification
mechanism, resulting in hallucinations [25].

Retrieval-augmented generation (RAG) enhances LLM
outputs by integrating dynamic, authoritative external
knowledge sources rather than relying solely on static
pre-training data [29, 74, 56]. Advanced embedding
models convert heterogeneous datasets, e.g., text, multi-
media, graphs, and tables into high-dimensional vectors
that preserve semantic similarity, storing them in vector
databases such as Weaviate, Chroma, FAISS, Milvus,
Pinecone, Qdrant, and Vespa [46]. At query time, RAG
performs a vector similarity search to retrieve semanti-
cally relevant information, appends this context to the
LLM prompt for in-context learning, and thus mitigates
hallucinations while boosting accuracy, transparency, and
capability without costly retraining or fine-tuning.

The retrieval phase in RAG mirrors classical informa-
tion retrieval—queries return documents based on rele-
vance metrics [48]-but it uniquely injects retrieved con-
tent into the generative pipeline for LLM in-context learn-
ing, yielding responses that are both contextually co-
herent and precisely tailored. This approach raises key
technical questions: Why vector similarity search via
approximate nearest neighbor (ANN) methods performs
effectively in high-dimensional spaces [23]; which inno-
vations in indexing and quantization mitigate the curse
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of dimensionality for dense vectors [26]; and to what
extent dataset characteristics, embedding models, or rel-
evance metrics drive retrieval performance. While data
management has long addressed high-dimensional time
series, spatial, multimedia, and geometric data, the re-
cent surge in vector workloads has catalyzed novel in-
dexing and search algorithms, specialized vector databases,
and hardware accelerators [58]. These advances power
enterprise RAG deployments—Microsoft Azure Al [6],
DoorDash delivery [19], Pinterest’s Text-to-SQL [45],
and LinkedIn customer service [67]—promising to trans-
form search technologies [36].

Nevertheless, RAG systems remain brittle: Partition-
ing large external knowledge bases into vectorized chunks
dilutes critical details, severs global interrelationships
needed for multi-hop queries, and depends on embed-
ding similarity that often retrieves contextually irrele-
vant content. Consequently, conventional RAG under-
performs on queries demanding synthesized, compre-
hensive insights, driving the emergence of variants, e.g.,
GraphRAG [21], multimodal RAG [64], Agentic RAG
[52], knowledge-augmented generation (KAG) [35], tool-
augmented generation [51], table-augmented generation
(TAG) [10], and cache-augmented generation (CAG) [16].

At the LLM+Vector Data’25 workshop (ICDE 2025,
Hong Kong, China), the focus was on data management
challenges and opportunities arising from LLM-vector
data interactions [27]. A panel featuring Yuyu Luo (Hong
Kong University of Science and Technology, Guangzhou),
Wenjie Zhang (University of New South Wales), Minqi
Zhou (Huawei), and Xiaofang Zhou (Hong Kong Uni-
versity of Science and Technology), moderated by Ari-
jit Khan (Aalborg University), discussed emerging RAG
opportunities at the intersection of data science, data en-
gineering, and data-centric AI/ML methodologies. The
session attracted over 100 attendees.

2. OVERVIEW OF PANEL DISCUSSION

The discussion was organized into three broad themes.

Theme 1: Future prospects of RAG, vector data
management, and LLMs for data management
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Background. Rapid advancements in large language
models and their integration with external data systems
are transforming the computational landscape [18, 57,
17,59, 47, 71]. With models like Gemini 1.5 Pro boast-
ing a 2-million token context window [28], questions
arise regarding the necessity of traditional RAG archi-
tectures when semantic search can be performed by long-
context LLMs. Meanwhile, the exponential growth and
complexity of vectorized data present new challenges in
data management, driving the need for advanced solu-
tions that efficiently store, retrieve, and update heteroge-
neous data. These trends raise several critical questions
about the future direction of the field.

Q1. With long-context LLMs like Gemini 1.5 Pro—
having its impressive 2-million token context window—
emerging, how do you foresee RAG architectures evolv-
ing to fully exploit these extended capabilities? What
are the most significant recent innovations and future
trends in RAG that excite you the most?

Yuyu Luo. Long-context LLMs with million-token
context windows create new opportunities for RAG. In-
stead of segmenting external knowledge into small, iso-
lated chunks, we can retrieve larger, more semantically
coherent units. Future RAG pipelines may intelligently
determine how much retrieved context to include in the
prompt. For example, with the availability of extensive
context windows in models such as Gemini 1.5 Pro, en-
tire documents or interconnected knowledge segments
could be retrieved and integrated, thus preserving global
semantic relationships that previous approaches might
have disrupted. Moreover, retrieval strategies could dy-
namically adapt context selection to efficiently utilize
the available context window, ensuring optimal model
performance without excessive computational overhead.

However, these expanded context capabilities intro-
duce significant efficiency challenges, particularly around
memory management. This opens exciting research op-
portunities for database researchers. Database-inspired
techniques, such as KV caching mechanisms, could op-
timize the reuse of previously computed representations
and mitigate the overhead of repeatedly processing sim-
ilar context segments [34, 61].

Wenjie Zhang. RAG architectures are evolving to
take advantage of the capabilities of long-context LLMs
through techniques such as fine-grained retrieval, itera-
tive reasoning, and dynamic compute allocation. Fine-
grained proposition retrieval enhances information den-
sity by reducing noise, ensuring that only highly rele-
vant content is used by the LLM. Iterative approaches
like IterDRAG [70] optimize multi-hop reasoning by re-
fining retrieval and generation cycles. Dynamic com-
pute allocation models intelligently distribute resources,
balancing cost and efficiency for large-scale RAG de-
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ployments. Hard negative fine-tuning further strength-
ens robustness by addressing challenging retrieval sce-
narios, improving accuracy in diverse domains. Emerg-
ing trends include multimodal RAG, which integrates
text, images, and audio for richer responses, interac-
tive systems that allow real-time user feedback, and in-
tegration of knowledge graphs for enhanced structured
contexts. They facilitate precise and efficient inference
in long-context settings, significantly boosting perfor-
mance on knowledge-intensive tasks.

Mingqi Zhou. The current long-context LLM capabil-
ity, like Gemini 1.5 Pro, does create a set of new oppor-
tunities to enlarge the external information that can be
used. Meanwhile, our findings underscore the urgency
of refining new RAG techniques for practical deploy-
ment. (1) Integrate the document semantics together
with the document structure: In the document/mail QA
system, it is easier to get the correct answer when taking
the total substructure of the document/mail into account.
(2) Understand the versions between the document on
the same topic: While building systems or projects, it is
important to understand the concept evolution in the dif-
ferent versions of the system/project architecture or sys-
tem design documents. (3) Adhere to the original text:
For example, it is a must to return the original text from
the issuance of government documents and the issuance
of legal documents in the corresponding QA systems.
As for the sophisticated RAG systems in practice, they
do require different innovations to provide the correct
answers (i.e., “no one-size-fits-all”).

Xiaofang Zhou. While long-context LLMs showed
exciting possibilities, they also introduce new challenges.
First, handling such large inputs can significantly in-
crease the time to first token (TTFT), which directly im-
pacts user experience if it becomes too slow. Second,
these models still rely heavily on GPU resources, which
are considerably more expensive than CPU-based solu-
tions. In my view, this means that CPU and memory-
efficient RAG systems still hold a strong advantage when
it comes to retrieval efficiency and cost-effective use
of computing resources. Rather than seeing RAG and
long-context LLMs as competing approaches, I believe
they are complementary. Combining them effectively
could lead to more powerful and efficient systems. One
particularly exciting research direction is how to design
optimal system architectures that intelligently integrate
RAG with LLMs-leveraging the strengths of both. This
hybrid approach has great potential to shape the future
of retrieval-augmented generation.

Q2. What emerging issues are we seeing in vector
data management, and how can advanced data manage-
ment solutions mitigate these complexities?

Wenjie Zhang. High-dimensional embeddings, such
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as those with thousands of dimensions for text, images,
or videos, drastically increase storage and computational
costs for vector data management. Sparsity in these
high-dimensional spaces reduces the efficiency of simi-
larity searches. Recent research on approximate nearest-
neighbor search [75] uses hybrid approaches that com-
bine locality-sensitive hashing (LSH)’s rapid coarse fil-
tering with the efficient exploration performance of ap-
proximate proximity graph (APG) for large-scale datasets,
reducing storage needs and improving query efficiency
to support scalable RAG and LLM deployments.

Mingi Zhou. In term of the industry deployment,
we find several issues still need to be fixed, especially
for the vector index. (1) Vector indexes must support
continuous, incremental updates without degrading top-
k recall, precision, or query latency—yet existing struc-
tures (e.g., IVF, HNSW, HCNNG, DiskANN) exhibit
performance drops even on simple insertions. (2) We
must also reduce index-building times, which currently
stretch into hours once vector counts exceed one billion.

Xiaofang Zhou. Vector data management today faces
a wave of interrelated challenges. As models gener-
ate billions or even trillions of high-dimensional embed-
dings, systems must scale accordingly while maintain-
ing efficiency. Storing dense vectors at this scale puts
enormous pressure on memory, demanding techniques
like ultra-low-bit quantization and intelligent tiering. For
instance, frequently accessed (“hot’) vectors can be kept
in fast memory tiers, while infrequently used (“cold”)
data can be offloaded to cost-effective storage such as
NVMe or cloud object stores. Beyond traditional near-
est neighbor search, modern workloads increasingly de-
mand support for set-level queries, hybrid retrieval that
combines semantic similarity with symbolic filtering, and
operations over multimodal or multilingual embeddings.
These introduce significant algorithmic and system-level
complexity. Meanwhile, most existing infrastructures
are ill-equipped to handle continuous, low-latency up-
dates or support rapid incremental inserts without costly
index rebuilds. In my view, addressing these challenges
requires more than marginal improvements in algorithms.
It calls for end-to-end system design. Real progress will
come from holistic hardware-software co-design, where
approximate retrieval, adaptive indexing, and tier-based
resource management are seamlessly integrated into scal-
able, production-ready systems.

Q3. What specific roles will RAG-and broadly, LLMs
and generative Al-play in advancing database research
and shaping the next-generation DB systems?

Yuyu Luo. LLMs and RAG are poised to become in-
tegral parts of future database systems. A natural entry
point is the extensively studied Text-to-SQL task [30,
31], where an LLM translates user questions into exe-
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cutable queries. RAG enhances this pipeline by dynam-
ically retrieving relevant database documentation, such
as schema definitions, data dictionaries, and data seman-
tics, to generate accurate SQL queries even for unfamil-
iar databases [40, 78, 41]. Moving beyond Text-to-SQL,
RAG fits naturally here by pulling in relevant data from
the database (or other sources) as needed for the LLM to
produce accurate answers. This could transform how we
do data analytics, making it more accessible — imagine
getting a narrative report of your data, compiled via SQL
queries and explanatory text from an LLM [50, 69].

Wenjie Zhang. LLMs can synthesize data to fill gaps
in databases or expand datasets; and RAG, by retriev-
ing relevant knowledge, ensures that the generated data
align with real world scenarios and requirements, thus
improving data quality and usability. Additionally, LLMs
can analyze users’ query patterns and automatically gen-
erate optimized execution plans; and RAG can retrieve
historical query logs to provide additional insights for
optimization, further enhancing query efficiency.

Mingqi Zhuo. RAG, LLM, and generative Al will en-
large the database research scope. In the traditional en-
terprise data warehouse system field, RAG and LLM are
able to accelerate the ETL phase for adding new data
sources or creating new data marts and to enhance the
quality of the data integration from isolated data/database
sources inside the enterprise.

Xiaofang Zhou. LLMs are reshaping the role of DB
systems—from passive stores of structured data to ac-
tive participants in semantic retrieval, reasoning, and
generation. As users increasingly pose natural-language
queries over heterogeneous data—text, tables, images—
natural language becomes the new query interface, em-
bedding based retrieval emerges as a core operator, and
structured and unstructured data are increasingly fused
within a unified retrieval layer. This paradigm shift calls
for systems that blend the precision and consistency of
structured storage with the flexibility and recall of se-
mantic retrieval. Researchers could begin by developing
compound query planners that coordinate exact lookups
and approximate searches within a single framework,
along with storage engines that natively support both re-
lational and vector data. New benchmarks and evalua-
tion metrics are needed to reflect the multimodal, gener-
ative, and user-facing nature of next-generation DB sys-
tems. Meanwhile, it’s worth keeping in mind a broader
question: Next-generation database systems may forgo
full human interpretability in favor of machine-driven
adaptation, optimization, and reasoning.

Theme 2: Deep dive into the technical frontiers of
RAG and synergy with data management

Background. Recent breakthroughs in approximate
nearest neighbor search (ANNs) and scalable vector DBs
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are revolutionizing the indexing and retrieval of large-
scale, high-dimensional, dense vectors, resulting in faster
and more precise information synthesis. Concurrently,
the development of specialized RAG variants—such as
GraphRAG, KG-RAG, Agentic RAG, and multimodal
RAG-demonstrates the capacity to enhance LLMs by
integrating domain-specific structures and multi-modal
inputs. This dynamic landscape warrants technical in-
vestigation into merging these innovations into cohe-
sive, high-performance systems.

Q4. What emerging research directions in approxi-
mate nearest neighbor search and vector databases hold
the most promise, and how can these developments inte-
grate with modern data management strategies?

Wenjie Zhang. Emerging research in ANN search
and vector databases includes advancing toward scal-
able, multimodal, and real-time solutions that integrate
seamlessly with modern data management tasks in the
generative Al era. Key directions include learned index
structures for intelligent retrieval, dynamic ANN meth-
ods for streaming data, knowledge-aware ANN supports
to reason over graph and LLM-augmented systems, mul-
timodal search across text, images, and graphs. These
developments are transforming vector search into a core
component of next generation data platforms.

Mingqi Zhou. In the age of agentic Al a lot of agents
will be created on the devices side, such as phone, Pad,
PC, etc., where vector databases would play a critical
role in enhancing the semantic search capability. On
such devices, how to reduce the energy consumption
when building vector index, and how to lower the stor-
age capacity of vector index without sacrificing the top-
k search recall/precision, are crucial research directions.

Xiaofang Zhou. In my view, there are many inter-
esting topics, such as Maximum Inner Product Search
(MIPS), dynamic indexes that let you add or remove
vectors on the fly, and new quantization methods that
dramatically cut memory without killing accuracy.

QS. With the RAG landscape rapidly diversifying into
forms like GraphRAG, KG-RAG, Agentic RAG, multi-
modal RAG, and beyond, which features do you find
most compelling? What emerging frameworks do you
envision that can harmonize their unique capabilities?

Yuyu Luo. Each RAG variant brings something unique
to the table-several of their features stand out to me.
GraphRAG and KG-RAG are compelling because they
retain relationships and structure—rather than retrieving
isolated text passages, they leverage connections in a
graph or a knowledge base. This means answers can
follow a chain of facts or traverse a hierarchy, which is
powerful for complex reasoning. Agentic RAG is ex-
citing for giving the LLM more autonomy: The model
can iteratively decide what to retrieve or which tool to
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use next, almost like it’s doing its own research. And
of course, multimodal RAG extends capabilities beyond
text—a system that fetches relevant images or audio along
with text can provide much richer responses. To get
the best of all worlds, it is necessary to develop unified
frameworks capable of integrating multiple specialized
retrieval modules [73]. A promising direction involves
creating an orchestrator that modularizes various knowl-
edge sources and external tools into a cohesive pipeline,
e.g., extracting structured facts from knowledge graphs,
retrieving detailed context from vector-based indexes, or
invoking computational APIs as needed.

Wenjie Zhang. Graph-based variants, such as Graph
RAG and KG-RAG, appeal to me most, because a graph
view makes hidden links explicit. In classic text only
RAG, the LLM struggles to track cross sentence jumps
or connect evidence spread over multiple documents.
Adding nodes for entities and edges for their relations
turns those implicit jumps into a visible path, so the
model can follow a multi hop chain, keep the reasoning
transparent, and answer complex questions with higher
accuracy [54]. Agentic RAG then lets the model de-
cide which extra tools to invoke, such as search, calcu-
lation, and coder, whenever the retrieved context is not
yet enough. This keeps the chain-of-thought short and
grounded, and it brings the workflow closer to real ap-
plications that mix retrieval, analysis, and generation. A
complete retrieval layer, however, needs to look beyond
text. Human knowledge arrives as images, video, audio,
and sensor streams, not just prose. Multimodal RAG
aims to meet that reality. If a system can fetch a dia-
gram, a short clip, and a passage of text about the same
topic, then combine them through a common represen-
tation, its answers become richer and better grounded.
Looking forward, I expect a unified framework with an
agent planner at the core, a bank of modality specific re-
trievers, and a shared graph as the hub. The graph would
align text, images, audio, and tables in one structure
and give the model a single stage for orderly reasoning.
Early tests with models that reason over both structured
and unstructured data already show clear gains, suggest-
ing that such a unified framework is within reach [55].

Mingqi Zhuo. In the time being, a set of RAG frame-
works are emerging, like GraphRAG, KG-RAG, Agen-
tic RAG, multimodal RAG, etc., but each of them has its
own advantages in solving a set of real application sce-
narios. Based on our industry deployment observations,
as discussed in Q1, we found that it requires different
capabilities to serve different application scenarios, e.g.,
document/mail QA system, the issuance of government
documents, or the issuance of legal documents QA sys-
tem, and it is very difficult to find one framework which
is able to server all the purpose.
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Xiaofang Zhou. What’s most compelling about the
evolving RAG landscape is its movement from simple
text retrieval toward richer, context-aware reasoning. Each
variant—-GraphRAG, KG-RAG, Agentic RAG, multimodal
RAG-brings a distinct strength: structured knowledge
grounding, entity-level disambiguation, reasoning over
actions, or cross-modal alignment. To harmonize these
capabilities, the main challenges lie in either modular
orchestration or alignment of diverse feature spaces. Mod-
ular orchestration requires a unified control layer capa-
ble of routing sub-queries to specialized retrievers and
aligning their outputs semantically. On the other hand,
feature alignment demands a unified embedding space
where each modality’s encoder projects data into com-
parable vectors. Harmonizing these modalities under
one retrieval-planning interface—while managing latency
and ensuring trustworthiness—will advance the effective-
ness and versatility of RAG systems.

Theme 3: Relevance to Academia and Industry

Background. The rapid evolution of LLMs+RAG
solutions is transforming academic research and indus-
trial applications in various sectors. This shift forces
researchers to continually innovate while sidestepping
common methodological pitfalls and industry to update
technical competencies and operational frameworks. Be-
sides, the integration of these technologies prompts crit-
ical discussions on fostering an equitable research land-
scape and mitigating monopolistic influences.

Q6. Given the rapid surge in LLM literature and
emerging solutions, how can academic researchers stay
abreast of new trends while ensuring that their work
remains impactful? What common pitfalls should new
Ph.D. students avoid when entering this domain?

Yuyu Luo. I suggest regularly scanning key confer-
ence proceedings and arXiv for emerging work — often,
just reading abstracts or discussion posts can flag im-
portant trends without needing to deep-dive into every
paper. It’s also useful to follow a handful of experts or
community newsletters that digest new breakthroughs.

Grounding research in real-world needs and funda-
mental questions is essential for impact. The open-source
movement accelerates innovation, and my research group
actively contributes to projects tackling complex data
management and analysis [2], including Text-to-SQL
systems [4], data analysis agents [1], and LLM agents [3].

For Ph.D. students, common pitfalls include chasing
trends without a clear research question and neglect-
ing rigorous evaluation. Impactful work demands care-
ful experimentation and validation, not just demos. I
also encourage students to embrace interdisciplinary re-
search at the DATA+AI frontier.

Wenjie Zhang. I think it is essential to embrace new
technologies like LLMs to tackle longstanding and emerg-
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ing real-world data management challenges. Rather than
viewing LLMs as separate from traditional database sys-
tems, we could explore how they can augment tasks
such as query understanding, query answering, and data
quality management. Staying impactful means focusing
on how these models can address practical pain points
in real-world data-centric applications, while grounding
solutions in core database principles like efficiency, ef-
fectiveness, and scalability. For new Ph.D. students, a
common pitfall is either chasing LLM trends without a
clear research perspective or overlooking the transfor-
mative potential of these models. A solid foundation
in data management can guide responsible and innova-
tive applications of LLMs that effectively bridge Al ad-
vances with real-world database problems.

Xiaofang Zhou. I believe that embracing new trends
is essential, and we should view Al as a valuable op-
portunity to drive disruptive innovation in the database
field, enabling novel approaches and advancements. The
scope of database research is continuously evolving, and
the impact of a research effort largely depends on whether
it addresses a genuine, real-world problem. This under-
scores the importance for students to have strong hands-
on experience with real systems and applications, allow-
ing them to identify new challenges and develop inno-
vative solutions. However, one concern I have regard-
ing the training of future Ph.D. students is that Al tools
may lead to a lack of patience among young researchers.
Since Al can quickly generate seemingly plausible an-
swers, it may discourage deep critical thinking—an es-
sential skill for any Ph.D. candidate. This could ul-
timately hinder the development of rigorous analytical
and problem-solving abilities.

Q7. What industry requirements are projected for this
area over the next 3-5 years? Which technical skills will
organizations prioritize when hiring new graduates?

Yuyu Luo. In the next 3-5 years, industry demand
will grow heavily for professionals capable of bridging
data management and artificial intelligence (DATA+AI).
Companies will increasingly seek experts proficient in
deploying and maintaining LLMs within production en-
vironments. Expertise in vector databases and efficient
similarity search techniques will be particularly valu-
able, as organizations aim to construct and optimize data
infrastructures (e.g., data retrieval pipelines) for LLM-
driven applications. Due to the necessity of scaling these
systems, experience in Al/Cloud infrastructure and per-
formance optimization—especially involving GPUs and
specialized hardware—will also be highly sought after.

Wenjie Zhang. From my own experience collaborat-
ing with industry partners in Australia, one of the most
critical requirements is the development of trustworthy
and reliable LLM-powered data solutions. Industries
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are increasingly interested in applying LLMs to enhance
data-driven decision-making, but they are equally con-
cerned about issues such as data privacy, security, model
hallucination, explainability, accountability, and regula-
tory compliance. Besides strong programming and sys-
tem skills, technical capabilities in areas like LLM fine-
tuning, prompt engineering, RAG, data governance, and
evaluation of model trustworthiness will be in high de-
mand. Graduates who can bridge Al techniques with
rigorous data management practices will be particularly
valuable in addressing real-world challenges.

Mingi Zhou. Over the next 3-5 years, enterprise and
consumer agents will proliferate, with enterprise agents
autonomously executing or augmenting worker tasks by
interpreting organizational processes via integrated data
pipelines, and consumer agents personalizing experiences
through unified, cross-device (e.g., phone, Pad, and PC)
data aggregation. How to integrate all these unstruc-
tured, isolated data to understand the enterprises and the
users is an important direction for the graduates.

Xiaofang Zhou. I believe that over the next 3-5 years,
the scale and variety of data we handle will be signifi-
cantly different from what we see today. With the rapid
growth of Al applications, there will be an explosion of
high-dimensional data that needs to be generated, pro-
cessed, and managed. To handle this shift, new systems
and tools will need to be developed. Additionally, the
increasing prevalence of multimodal and unstructured
data will drive the need for innovative storage and index-
ing strategies. As aresult, organizations will seek gradu-
ates who not only understand traditional DB systems but
are also well-versed in emerging trends like Al-powered
DBs and multimodal data processing. Candidates who
demonstrate adaptability, cross-disciplinary knowledge,
and hands-on experience with AI+DB and system de-
velopment will stand out in this evolving landscape.

Q8. What strategies can curb big tech monopolies in
the LLM era, and how might advanced database tech-
nologies help democratize Al?

Yuyu Luo. Open-source Al models like LLaMA [63,
62] provide a practical countermeasure against monopo-
listic control, especially when combined with advanced
data management tools that enable seamless integration
with high-quality local datasets. RAG exemplifies how
such integration boosts utility. Extending crowdsourced
data management to LLM-agent systems, where multi-
ple agents collaborate, raises classic cost-quality trade-
offs—an area well-aligned with database researchers’ ex-
pertise in cost-based optimization. Data-centric Al [37,
13, 39, 12], which focuses on enhancing data quality to
drive model performance, offers another fertile ground
for database research [15, 14, 11].

Wenjie Zhang. From a technical perspective, ad-
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vanced database technologies can play a key role in de-
mocratizing Al by enabling more efficient, cost-effective,

and domain-specific model deployment outside large cloud-

based ecosystems. Techniques such as RAG allows smaller
organizations to build powerful Al systems without train-
ing or hosting large foundation models. Open-source
LLMs combined with high-performance data infrastruc-
ture can empower researchers, startups, small/medium
enterprises, and public institutions to develop tailored
solutions using their local data and tasks.

Mingi Zhuo. In agentic Al, deployed agents hinge
on three core capabilities: leveraging LLM infrastruc-
tures for world understanding, invoking diverse tools
via the Model Context Protocol (MCP), and employ-
ing database-driven techniques to integrate isolated en-
terprise or consumer data sources with atomicity, con-
sistency, and isolation—underscoring the critical impor-
tance of rigorous data preparation and high-quality inte-
gration for democratizing Al

Xiaofang Zhou. On the application side, open-source
LLMs such as DeepSeek and Qwen are increasingly ca-
pable of competing with closed-source alternatives. In
many sensitive and high-privacy scenarios, there is a
strong demand for locally deployed LLMs. In such cases,
database solutions supporting these models can be more
distributed and flexible compared to monolithic, super-
scale databases, better aligning with the needs of privacy-
preserving and decentralized Al deployments.

3. CONCLUDING REMARKS

The panel concluded by discussing the other chal-
lenges for real-world LLM-RAG deployment: consis-
tency, robustness, privacy, security, and human-in-the-
loop — noting that semantically equivalent queries often
produce divergent LLM outputs, a problem magnified
by varying retrieval orders in iterative or multimodal
RAG workflows. Achieving robustness requires end-
to-end guarantees for query execution and formal val-
idation of retrieval completeness and soundness across
the pipeline. Addressing privacy and security calls for
advanced privacy-preserving methods and fine-grained
access controls over data, embeddings, model parame-
ters, and query logs. Ensuring trust and transparency de-
mands tight human-DB interfaces and provenance-based
explanations citing source documents. We hope that this
discussion and open challenges will inspire future works
on the domain’s emerging data management issues.

Some of the panelists and the moderator of this panel
(1) will co-organize and participate in a future Dagstuhl
seminar on “Managing Vector Data for Retrieval Aug-
mented Generation: Systems and Algorithms” [9]; and
(2) will also co-organize the second edition of the LLM
+ Vector Data workshop at ICDE 2026 [5] for initiating
more discussion and interdisciplinary collaboration.
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