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ABSTRACT

-
As storage costs continue to rise, reducing redundancy has become ;
increasingly important. In relational databases, classical normal- —
ization addresses redundancy through exact functional dependen- —
cies (FDs), but this rule-based design paradigm is not inherently
cost-aware and does not necessarily minimize storage in practice.
Moreover, much real-world redundancy follows FD+A patterns,
where FDs hold for most tuples but are violated by a small frac-
tion. To address this, we propose RelaxRD, a storage-centric relaxed
schema design that leverages approximate functional dependencies
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(a) Duplicates marked with the same color in each column.

(AFDs) to reduce redundancy in FD+A. Rather than treating all . ‘ i’ ‘P-“'T"e‘"e' m“h\rc nt| Ceory | ' o
. . 0 uabel uckKin atte B .
AFDs as equal.ly useful mgngls, we quantlfy' the stor.age value of t, [UT [ SH | Huabei D2 Luckin |Flat Whitel 28.00 109:35
AFD subsets via duplicate gain and select a high-quality subset for t,{ U1 | SH | Huabei D3 Mixue | Milk Tea | 32.00 | 10:03
decomposition. It decomposes tuples satisfying the selected AFDs ty[ Ul | SH | Huabei 1D4 Luckin _|Flat White| 32.00 | 10:27
while retaining violating tuples. The key issue is that selecting a t,| U2 | SZ |YuE Bao| ID3 Mixue | Milk Tea | 32.00 | 11:11
high-quality subset is difficult due to conflicts and the exponen- tfU2 | SZ YuE Baol ID4 Luckin {Flat White} 32.00 111:56
ngh-qua ity : : por t,[U2 | HZ [YuE Bao] _ID2_ | Luckin |Flat White| 25.00 | 12:22
tial search space. To tackle this, we develop a family of efficient t,| U3 | SZ | Credit D1 Luckin 1 Latte 1 23.00 [12.22
filtering techniques to eliminate low-value and unpromising candi- ts| U3 | SZ [ Credit D3 Mixue | Milk Tea | 32.00 [12:59
dates without exhaustive enumeration. Extensive experiments on t | U3 [ SZ [Yu'E Bag) ID2 Luckin |Flat White| 28.00 | 13:48
real-world datasets demonstrate that RelaxRD consistently achieves (b) Toy relation r sampled from payment-log relation.

substantial storage savings.

Figure 1: A real-world payment-log relation.
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This misalignment manifests in two important ways. First, even
exact FDs may be physically unprofitable for decomposition due
to limited duplicates, repeated keys, or schema overhead. Worse
still, the vast majority of duplicates are not captured by exact FDs.
Instead, they follow an FD+A pattern, where most tuples conform to
an FD, while a small fraction (A) violates it due to noise or semantic
relaxations. Figure 1(a) visualizes a real-world payment-log relation,
where columns correspond to attributes and rows correspond to
tuples. It reveals many FD+A duplicate patterns at a coarse level.
In particular, the highlighted rows share the same value on the left-
side attribute(s), but differ on the right-side attribute(s), showing
that the same determinant value may be associated with different
dependent values. Further, Figure 1(b) provides a concrete zoom-in
view of this phenomenon: UID — City holds for most tuples, but a
few tuples violate, e.g., when UID = U2, City may be SZ or HZ.

Motivated by these, we study relaxed relation design (RelaxRD),
a storage-centric extension of classical normalization. RelaxRD
constructs lossless schemas guided by dependencies that are mean-
ingful for redundancy reduction but are not required to hold for
every tuple. An intuitive way to realize RelaxRD is to use approx-
imate functional dependencies (AFDs) [2, 9] as candidate design
signals, quantify their storage value, and select those that induce
the most storage-efficient logical schema, where each determinant
(Left-hand Side, LHS) specifies a schema that stores the attributes it
functionally determines (Right-hand Side, RHS). Such AFDs can be
obtained from existing discovery techniques or provided by domain
experts (e.g., DBAs) [8, 17, 28, 32]. Database instances are then in-
terpreted under this schema: tuples that satisfy all AFDs are stored
in the corresponding normalized relations, whereas violating tuples
remain in a base relation without being decomposed.

Achieving this goal raises several challenges: (1) Given an AFD
set, how can we maximize the number of decomposable tuples?
RelaxRD must determine which tuples to decompose and which
to retain. This is challenging because tuple-level decomposability
under different AFDs may conflict, and maximizing decomposition
for one AFD can reduce feasible choices for others. (2) How to select
agood AFD subset to minimize storage? A relation may admit many
AFD candidates, but different AFD subsets may induce different
storage costs, and "more" is not necessarily better due to conflicts
among tuples. For instance, 30 AFDs are discovered in toy relation
r of Figure 1(b): the subset in Figure 2(b) yields 65 cells, compared
to 77 cells for the subset in Figure 2(a).

We developed RelaxRD to address these challenges. To address
Challenge (1), we construct logical schemas for an AFD set and
model tuple-level conflicts under the selected AFDs using a conflict
graph, where nodes represent tuples and edges indicate that two
tuples cannot be simultaneously decomposed. This reduces the
problem to finding a maximal independent set in the conflict graph.
Based on this formulation, we adopt a greedy strategy that priori-
tizes low-conflict for decomposition and further improve efficiency
through lightweight degree maintenance. To address Challenge (2),
we develop a cost-aware AFD selection framework. We first formu-
late the notion of duplicate gain to measure the storage benefit of
an AFD subset. Our basic idea is to filter out non-duplicate AFDs by
leveraging duplicate gain bounds. We observe that, in a good AFD
set, each attribute appears at most once on the RHS, then propose
a filtering method that leverages AFD errors to estimate bounds for
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all candidate LHSs and removes AFDs whose LHSs are guaranteed
not to yield the maximal gain for that attribute. Furthermore, we
utilize duplicate gain bounds of AFD subsets to skip many costly
and unnecessary computations when selecting a good AFD subset.
The main contributions are as follows: (1) We propose RelaxRD,
a storage-centric framework for relation design. To the best of
our knowledge, this is the first work to shift schema design from
rule-based logical to cost-driven physical design. (2) We are the
first to study AFD-based schema design. We formulate relaxed
decomposition under an AFD set as a conflict-aware optimization
problem and develop an efficient decomposition algorithm. (3) We
quantify the storage value of AFD subsets and develop an efficient
AFD selection framework to identify the AFD subset that minimizes
the storage cost of decomposed relations. (4) We offer an exploratory
downstream-task perspective on AFD discovery through relation
design. Our results show that not all mined AFDs are equally useful
for downstream decomposition, suggesting a promising direction
from exhaustive AFD enumeration toward utility-aware discovery.
(5) We evaluate RelaxRD on several real datasets, and extensive
experiments show that it achieves significant storage savings.

2 PRELIMINARIES

In this section, we introduce foundational concepts of relation
design that are essential for understanding our work, including
background and problem definition.

Let U = {A1, Az, ..., Ap} be the set of attributes. The relation
schema R over U defines the structure of the relation in the database,
denoted as R(U). The relation instance r(R), or simply r, is a finite
set of tuples T = {t1,13,...,tn}, where each tuple t; corresponds
to the attributes in U. The total size of the relation, size(r), is sim-
plified as m - n, where m = |T| (the number of tuples) and n = |U|
(the number of attributes). It is feasible to measure the size using
the exact bytes of each attribute, but for simplicity, we uniformly
approximate it by the number of cells (m - n). For any attribute
subset X C U, we use d(X) to denote the number of distinct tuples
in r onto X, and |X| to represent the number of attributes in set X.

Definition 2.1 (Approximate Functional Dependency). Given an
error threshold ¢, an attribute set X (the left-hand side, LHS) ap-
proximately determines the attribute A (the right-hand side, RHS)

if the error e(X — A) < ¢, denoted as X S5 A simply X 5 A
Here, e(X — A) denotes the minimal fraction of tuples that must
be removed from the relation r to make X — A hold.

For example, under ¢ = 0.1, ItemDetail — Amt holds in r (Fig-
ure 1(b)). For ItemDetail = ID2, tuples t4, t1, and ty share the same
ItemDetail value but have different Amt values, thus violating
this dependency (25.00 vs. 28.00). Removing t; leaves a consistent
mapping ID2 — 28.00, satisfying the dependency within ¢ = 0.1.

Existing AFD discovery algorithms [12, 17] enumerate all min-
imal non-trivial AFDs of the form X — A whose error does not
exceed a given threshold ¢, denoted as . For any subset 7 C X, we
define its error rate e(¥) as the minimum fraction of tuples that
must be removed from the relation r to make all AFDs in ¥ hold.
Further, we define M(¥) as an operation that groups AFDs with
the same LHS into a single merged dependency of the form X — Y,
where Y = {A | X SAe F}. An AFD subset ¥ C X generally



AFDs 2: (1) ItemDetail»Merchant

(6) Category—Merchant

(11) Tmstp—PayType

(16) UID, ItemDetail—Tmstp

(21) PayType, Merchant—Category
(26) UID, Category, Amt—Tmstp

(2) Tmstp—ItemDetail

(7) TtemDetail—Amt

(12) Tmstp—Amt

(17) Category, Amt—ItemDetail

(22) Merchant, Amt—TtemDetail

(27) PayType, Category, Amt—Tmstp

(3) Tmstp—Category
(8) UID—City

(13) Tmstp—Merchant

(18) City, Amt—UID

(23) City, Amt—PayType

(28) UID, Merchant, Amt—Tmstp

(4) PayType—UID

(9) Tmstp—UID

(14) ItemDetail—Category

(19) Merchant, Amt—Category

(24) City, ItemDetail»PayType

(29) City, PayType, ItemDetail—Tmstp

(5) UID—PayType

(10) PayType—City

(15) Tmstp—City

(20) City, Category—PayType

(25) PayType, ItemDetail, Amt—Tmstp
(30) PayType, Merchant, Amt—Tmstp

Relation (a) RelaxRD (77 cells) T a
Design ty| Ul | SH | Huabei D1 Latte “;]“’1 09:12
approaches: t; [ Ul [ SH | Huabei 1D2 [Flat White]
t[ UL [ SH | Huabei | D3 |Milk Tea| 32] Luckin | Latte
(2) [Tmstp—ItemDetail | Ul [ SH | Huabei ID4 _ [Flat White[ 32] Luckin |Flat White|
(6) |Category—Merchant %[ U2 | SZ [Yu'E Bao 1D3 Milk Tea | 32| ixue | Milk Tea
(11) | Tmstp—PayType = ;| U2 [ SZ |Yu'E Bao ID4 _ [Flat White] 32.00 [11:56
(12) | Tmstp—Amt t| U2 [HZ |Yu'E Bao| ID2 _[Flat White| 25.00 |12:22
(15) | Tmstp—City [ U3 | SZ | Credit ID3__ |Milk Tea| 32.00 | 12:59
].‘1 h)r 1J3 | SZ [Yu'E Bao ID2__[Flat White| 28.00 | 13:48
1 D\ ('ily\PayType\IlemDelail\I\lerchant\ Category \ Amt \Tms!p
SZ | Credit ID1
p(F1)

T3

(b) RelaxRD-core AFD (65 cells) JID \ City PayType
t [ UL ID1 09:12 Ul SH Huabei
[ Ul D2 0935| [ U2 | SZ | YuEBao |
o[ UL 3 Ti003" ™ U3 SZ Credit
(1) |ItemDetail—Merck 5[ UL 1D4 10:27
(5) |UID—PayType ta| U2 1D3 11:11 ] Luckin | Latte | 23.00
(7) |ItemDetail—>Amt = ts[ U2 1D4 11:56 D2 Luckin _|Flat White| 28.00
(8) [UID—Cit [ U3 DI 12:22 D3 Mixue | Milk Tea | 32.00
(14) |TtemDetail—Category ] U3 1D3 12:59 1D4 Luckin _[Flat White| 32.00
}-2 fo l)\(‘iiy\ P;lyT.\pr\I(em[)emil\Merch;mt\ (‘;negory\ Amt \Tmstp
to[ U2 | HZ [ Yu'E Bao| ID2 Luckin_|Flat White| 25.00 | 12:22
t,| U3 | SZ [Yu'EBao] ID2 | Luckin |Flat White[ 28.00 [ 13:48
p(F2)

Figure 2: A running example comparing sampled original relation, 80 cells (10 tuples X 8 attrs) shown in Figure 1(b) and
RelaxRD, where all AFDs 3 along with their IDs have been reported: (a) RelaxRD guided by random AFDs occupies 77 cells, (b)
while RelaxRD guided by a good AFD subset only occupies 65 cells, achieving a 19% storage savings, and is considered the best.

does not satisfy Armstrong’s axioms [5], such as Transitivity and
Union, over the entire relation r. However, when restricted to the
subset of tuples that satisfy all AFDs in #, ¥ can be treated as an
exact FD set and satisfies Armstrong’s axioms.

Relaxed relation design: given a relation instance r over schema
R and an AFD subset 7, the relaxed decomposition constructs a set
of relation schemas {Ry, . .., Ry} based on ¥ . Tuples in r that satisfy
all AFDs in ¥ are decomposed into a set of relations {ry,...,rr},
where each r; is an instance of schema R;, while tuples that violate at
least one AFD are retained in relation ry over the original schema R.
The resulting set of relations is denoted as p(F) = {r1,...,rx, 1o}
The decomposition is lossless, i.e., all tuples in r can be exactly
reconstructed without information loss: joining rq, ..., ry recon-
structs all tuples in r that satisfy ¥, and union with r; restores the
remaining tuples. Formally, (=, r;) Ury = r. The total storage
size induced by ¥ is defined as C(F) = X, (5 size(r).
RelaxRD. Given a relation r over schema R and a candidate AFD
set X over r, the goal of RelaxRD is to select an AFD subset ¥+ C =
that minimizes the storage cost, i.e., ¥* = arg mingcy C(F).

THEOREM 2.1. RelaxRD is an NP-hard problem, which can be
reduced from the Set Cover Problem.

3 RELAXED RELATION DESIGN

In this section, we study relaxed decomposition. We first present the
schema construction process, then describe how tuples are decom-
posed into normalized relations, and finally prove the losslessness.

3.1 Schema Construction

We illustrate the schema construction process using a running
example: decompose relation r in Figure 1(b) using the AFD subset
shown in Figure 3(a), and obtain the resulting schema in Figure 3(b).

Given the AFD subset ¥ reported in Figure 2(b), we first merge
the AFDs with the same LHS, denoted as M(¥) = {X; — Yi}le. For
each dependency X; — Y; € M(F), we construct a relation schema
R; = X; U Y;. To ensure lossless reconstruction, we introduce a fact
schema Ry that captures a global key of R and includes attributes
not covered by the selected AFDs. Specifically, we construct Ry, by
first taking all LHS attributes, Rx1 = Ule Xi, and then removing
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Algorithm 1: SCHEMACONSTRUCTION

Input: AFDs F = {X; 5 Y,-}:.‘zl,
Output: Relation Schema R(F).
Initialize R(F) < 0, R4y < 0, Ry <« U;

foreach X; 5 Y; € Fdo

universal attribute set U.

-

2
3 Ri=X;UY;;

1 Add R; to R(F);

5 Ri+1 < Ri1 U XG5

¢ foreach A € Ry, do

7 if Rit1 \ {A} — A canbe inferred by # then

o

L

Add attributes in U but not covered by F to Rg1;
Add Ry and Ry to R(F);
return R(F)

L Remove A from Ry.1;

©

10

any redundant attribute A such that Ry, \ {A} — A holds under
M(F), since such attributes can be inferred and need not be stored
explicitly. Finally, attributes in R not covered by ¥ are added to
ensure full attribute coverage. We define a base schema Ry, which
includes all attributes in U and will be used to store tuples that
violate . Consequently, the resulting schema family consists of
k + 2 relation schemas, denoted as R(F) = {Ro,Ri, Rz, -+ , Ryt }-
Algorithm 1 describes the procedure for constructing the schema

set R(F) from a given AFD subset ¥ . For each AFD X; SYieF,
a relation schema R; is created as the union of its left- and right-
hand side attributes (Lines 2—-4). Meanwhile, all LHS attributes are
accumulated into a provisional fact schema Ry. Each attribute in
R+ is then examined and removed if it is functionally determined
by the remaining attributes under M(¥) (Lines 5-7), ensuring
that no redundant attributes are retained. Attributes in U that are
not covered by any AFD are subsequently added to Ri;; (Line
8) to ensure completeness. Finally, the resulting relation schemas
together with the base schema Ry are returned as R(¥). It runs
in O(|F| - n + n?) time and uses O(|F| - n) space, where n is the
number of attributes. Since in a core AFD set each attribute appears
on the right-hand side at most once, we have |¥| < n; therefore,
both the time and space complexities reduce to O(n?).

Consider our running example in Figure 3(a-b). M(¥") contains
two AFDs, which yield two schemas: Ry = {UID, City, PayType}



-
(a) Core AFD Set Qb) Schema Construction (Section 4.1\

(Section 5 and Section 6) (1) Merge AFD and construct schema

Relation Schema

-
(c) Relation Instantiation (Section 4.2)

(1) Equivalence Dictionary

um |

(2) Conflict Graph  (3) Composable Tuples

City

| PayType

AFD| £<0.1 R, [{UID, City, PayType} .
Database (1) [TtemDetail—>Merchant R {ItemDetail, Merchant, Amt, 02 o o Database
2 |Category! . ts), it} ) -
-» (5) UID~>Pa.yType = gory y — - - 03 TTRARTAY]
(7) |IltemDetail—>Amt R; [{UID, ItemDetail, Tmstp}
. (8) |[UID—City ~
Original relation 7 (14)[ltemDetall Category (2) Construct the base schema R, DE:COII.lp()Sed
in Figure 1(b) 7. from Fiaure 2 (b {UID, City, PayType, ItemDetail, relations,
> from Figure 2 (b) ° Merchant, Category, Amt, Tmstp}] | 1D2 | s o} {te} | | G e shown in
J \ RN Y, Figure 2(b)

Figure 3: The process of RelaxRD under a given AFD subset (a) (corresponding to #; in Figure 2(b)), including logical schema
construction (b) and relation instantiation (c). The schema is proposed to users and executed only upon their approval. Tuple
identifiers t; refer to tuples in the original relation r (Figure 1(b)) and are preserved throughout the decomposition for clarity.

and R, {ItemDetail, Merchant, Amt, Category}. To ensure loss-
less reconstruction, we further construct the fact schema R3, which
connects these schemas and covers attributes not captured by in-
dividual AFDs. It is initialized with all LHS attributes in F, i.e.,
Rs = {UID, ItemDetail}. In this example, no attribute in R; can
be removed, since under ¥, UID —» ItemDetail and ItemDetail -
UID. Finally, attributes not covered by the two AFDs are added,
i.e., Tmstp, to ensure full attribute coverage, resulting in Rs =
{UID, ItemDetail, Tmstp}.In addition, we define a base schema Ry =
U to store tuples that violate . Therefore, R(¥) = {Ry, R1, Rz, R3 }.
Discussion. A canonical cover of F is a minimal equivalent set of
dependencies without unnecessary attributes or FDs. Specifically,
the canonical cover 7, of ¥ is a dependency set logically equiva-
lent to ¥, meaning that # and ¥, imply each other and satisfy the
following properties [37]: (i) no dependency in ¥, contains extrane-
ous attributes; and (ii) there do not exist two distinct dependencies
X; — Yy and X, — Y, in ¥ such that X; = X,. In traditional
normalization, the canonical cover is computed prior to schema
design to eliminate unnecessary FDs and attributes. Here, we do
not need to explicitly compute the canonical cover of M(F) since:
(i) if M(¥) is already a canonical cover, then R(¥) is in 3NF by
the classical synthesis procedure [37]; (ii) otherwise, computing
the canonical cover would require removing unnecessary AFDs,
implying that there exists a better AFD subset ¥, which transforms
the problem into an AFD selection problem (Section 4).

3.2 Relation Instantiation

In this subsection, we study how to decompose the relation r based
on the schemas R(¥) constructed in Section 3.1, as not all tuples
in r satisfy the given AFDs ¥ . We first identify the maximal AFD-
satisfying tuples in r, and then decompose them according to R(F).

Definition 3.1 (Maximal AFD-Satisfying Tuple Set). Given an AFD
set 7 holding on the relation r, the tuple subset T" C T is a maximal
AFD-satisfying tuple set if all tuples in T’ satisfy all AFDs in 7, and
for every tuple t € T\ T’, T’ U {t} violates at least one AFD in .

To achieve this, we construct an equivalence dictionary for each
AFD ¢ : X 5 Ain F, denoted as &, For each value of X, tuples
are grouped by their A values; however, &, records only those X
values that form multiple groups, i.e., those that violate AFD ¢. For
example, for AFD (5): UID — PayType, only UID = U3 violates
this dependency, since t7, ts, ty share UID = U3 but correspond
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to different PayType values (Credit in t7,t3 vs. Yu'EBao in ty) in
Figure 1(b), yielding &Es) (U3) = {{t7, ts}, {to}} (Figure 3(c)).

Definition 3.2 (Conflict Graph). Given an equivalence dictionary
& constructed from an AFD set ¥, the conflict graph Gr = (V, E)
is an undirected graph where each node in V corresponds to a

tuple in r, and an edge (f;,t;) € E exists if 3X 5 A € F such that
t;[X] = t;[X] but t; [A] # t;[A]. Isolated nodes are excluded by V.

For example, in Figure 3(c), (ts,t9) € E and (7, t9) € E, since they
share the same UID value (U3) but have different PayType values.

THEOREM 3.1. Identifying the maximal AFD-satisfying tuples is
equivalent to finding the maximal independent set in conflict graph.

Based on this equivalence, we reduce the problem to extract-
ing a large independent set from the conflict graph and adopt a
greedy strategy to find it. Given a relation instance r and an AFD
subset 7, we construct the conflict graph Gy = (V, E) based on
the equivalence dictionaries. We then iteratively add the node with
the minimum degree to T’, while lazy-deleting it together with
its neighbors from V. The algorithm returns two tuple-ID sets:
T’, containing tuples that satisfy all AFDs in ¥, and T \ T’, con-
taining the remaining violating tuples. Finally, tuples in r[T’] are
projected onto each schema R; to instantiate the decomposed re-
lations r; = mg, (r[T’]), where r[T’] = {t; e r | [ € T" }, while
tuples in T \ T’ are retained in ro = r[T \ T’]. The decomposition
i5 p(F) = (o1 - T .

Consider our running example in Figure 3(c), the algorithm first
adds t; (degree 1) to T” and removes its neighbor s, then sequen-
tially adds t4 and t5 (each with degree 0) to T’, followed by t;
and tg, while excluding their neighbor . Tuples not in the con-
flict graph, to, t2, t3, are added directly to T’. Thus, the decompos-
able set is T" = {ty, t1, to, t3, L4, I5, t7, 3}, and the removed tuples are
T\ T = {t, to}. Tuples indexed by T are first collected from the
original relation r to form r[T’], and are then materialized under
schemas Ry, Rp, and Rs (Section 4.1) via projection: r; = zg, (r[T']),
ry = mp,(r[T’]), and r3 = 7z, (r[T’]) (see ry, 1, and rs in Fig-
ure 2(b)). The remaining tuples indexed by T \ T’ are stored in
ro = r[T \ T’] under the base schema R, (see ry in Figure 2(b)).

Algorithm 3 describes the relation instantiation procedure. Given
a relation instance r, an AFD set F, and the relation schemas R(¥),
it first constructs the equivalence dictionary & based on ¥ and r
(Line 1). It then invokes MAXIMALAFDTuUPLES(r, ¥, &) to identify
a large jointly decomposable tuple subset T’, together with its



Algorithm 2: MAXIMALAFDTUPLES(r, F, &)
Initialize tuple index T” « 0, conflict graph Gr;
foreach ¢ : X S AeFdo
| Construct the conflict graph Gr = (V, E) via Ey;
Add all tuple ID not in V to T”;
while V # 0 do
Add the node with minimum degree in Gr to T';
Lazy delete this node and its all neighbors;
return T/, T\ T’

-
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%

Algorithm 3: RELATIONDESIGN

Input: Relation instance r, AFDs ¥, relation schemas R (F).
Output: Decomposed relations p(F) = {ro, 1 Tk+1}
Construct the equivalence dictionary & based on ¥ and r;
T', T\ T' < MaximaLAFDTurLEs(r, F, E);

Initialize ro, rq, . . .,
foreach schema R; € R(F) do

L ri o o, (LT
ro —r[T\T'];
return rg, r;

.....

@ ok w N =

ISEINCN

complement T \ T’ (Line 2). Next, the algorithm initializes the
output relations ry, r1, . . ., rg41 as empty (Line 3). For any index set
I C T, we define the induced subrelation of r as r[I] := {¢t; € r |
i € I'}. For each schema R; € R(¥), the corresponding relation
instance is constructed by projecting the tuples indexed by T’ onto
R;, ie., r; = mg,(r[T’]) (Lines 4-5). Finally, the base relation is
formed by the tuples indexed by T \ T/, namely ro = r[T \ T’]
(Line 6). The algorithm returns the instantiated decomposition
p(F) ={ro,r1,...,7ks1} (Line 7).

Algorithm 2 runs in O(|F |m? + m? log m) time in the worst case,

where n = |U| and m = |r|: the first term comes from constructing
tuple conflicts for all AFDs, and the second from greedily extracting
a large independent set from the conflict graph using minimum-
degree selection with lazy deletion.
Discussion: the effectiveness of RelaxRD. It is worth noting
that the maximal AFD-satisfying tuples are not unique, and dif-
ferent selections may lead to different storage costs. This issue
stems from focusing on AFD violations while overlooking value-
level duplicates across tuples. Theoretically, further storage savings
could be achieved by modeling value-level duplicates. However,
such fine-grained optimization greatly increases complexity while
offering limited gains (only a few cells), especially under small e.
Therefore, we tolerate slight duplicates and identify the maximal
AFD-satisfying tuple set at the tuple level.

3.3 Losslessness and Consistency

Logical schema design concerns the correctness, including lossless
reconstruction and reducing redundancy that would otherwise lead
to anomalies. In this subsection, we show that RelaxRD can guaran-
tee lossless reconstruction. In addition, its schema design follows
the normalization principle of avoiding unnecessary redundancy,
thereby mitigating update, insertion, and deletion anomalies.

THEOREM 3.2 (LOSSLESSNESS OF RELAXRD). Let r be a relation
instance over R(U), and M(F) = {X; — Y,»}{le be a merged AFD
subset. RelaxRD constructs schema R(F) = {Ro, Ry, -+ , Riy1} and
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instantiates the relation instances p(F) = {ro,r1, -+ ,rk+1}. The

k+1 ...
sl ) Urg.

relation r can be losslessly reconstructed asr = (

Proor. Let T’ C T be the maximal set of tuples satisfying all
AFDsin ¥, and define v’ = r[T’] andry = r[T\T’]. Thenr =r'Ur,
and r’ Nro = 0. R(F) = {Ro, Ry, .. ., Res1} guarantees (i) U R; =
U, and (ii) the fact schema Ry preserves a global candidate key K
of Rfor tuplesinr’. Foreach i < k,the LHS X; of the AFD X; — Y; (a
primary key of R;) is contained in Ry or is functionally determined
by attributes in Ry under ¥ . Hence, joining 7g,,, (") with g, (r’)
on the shared key attributes is lossless. Let r; = g, (r") for all
i =1,...,k+ 1. By iteratively joining r¢,; with r, ..., ri, we obtain
k skl ) Urg. O

*+! r;. Combining withr = r'Ur yields r = (<]

4 CONSTRUCTING GOOD AFDS

In this section, we study how to construct a good AFD set to perform
decomposition with minimal storage. We define the core AFD set,
formulate duplicate gain to quantify the benefits of AFD subsets,
and then show two key properties that the core AFD set must
satisfy (Section 4.1). We propose efficient filter algorithms to remove
inefficient AFDs (Section 4.2 and Section 4.3).

r/ =pd

4.1 Core AFD Set

Definition 4.1 (Core AFD Set). A subset of AFDs ¥, w.r.t. a rela-
tion r, is called the core AFD set if it yields the minimal total size,
ie, F* =argmingcs X, ¢ (7 size(ri), where 3 denotes complete
set of AFDs over relation r whose error does not exceed ¢.

For example, the core AFD set #* w.r.t. relation r in Figure 1(b)
is {(1), (5), (7), (8), (14)}. The size of its resulting decomposition is
65, achieving the globally minimal storage among all AFD subsets.

Next, we quantify the storage savings of an AFD subset ¥, which
reflects the benefit of decomposing the relation r according to F.

Definition 4.2 (Duplicate Gain). Given an AFD subset # holding
on relation r, the duplicate gain of # in r quantifies the storage
savings when decomposing r according to ¥, and is defined as:
dg(F) = X\ ey enem (M7~ 47 (X)) - Y] = dy(X) - |X]. where
m = |r| denotes the number of tuples in r, and m¢ = |r[T’]| denotes
the number of tuples that satisfy all AFDs in ¥ (also denoted as
m- (1 —e(F)), e(F) is the error rate of ). d(X) denotes the
number of distinct values of X among the tuples in r[T’].

For example, consider the relation r in Figure 1(b) with the AFD
subset 7 in Figure 2(b). The relation contains m = 10 tuples, among
which t5 and ty violate ¥, yielding e(¥) = 0.2 and m¢# = |T’| = 8.
For UID 5 {City, PayType}, the number of distinct UID values
among the 8 satisfying tuples is d#(UID) = 3. Substituting into
Definition 4.2, we obtain (8 —3) X2 —3x 1 =7. For ItemDetail -
{Merchant, Amt, Category}, we have d¢(ItemDetail) = 4, yielding
(8 —4) x3—4x1 = 8. Therefore, dg(¥) =7 + 8 = 15.

For each AFD X -5 Y in M(¥), the gains consist of two compo-
nents: (i) Decomposing savings: (mg — d#(X)) - |Y|, represent-
ing the number of duplicates eliminated in the RHS Y among
composable tuples; (ii) Primary key cost: |X| - d#(X), account-
ing for the additional cost of materializing the LHS X as a pri-
mary key. Thus, the duplicate gain of this AFD in ¥ is denoted as

dgs (X = Y) = (mg - dg(X)) - [Y] = dy(X) - 1X].



PROPERTY 4.1. Given a set of AFDs ¥ holding on a relation r, the
duplicate gain and the size of the decomposed relations p(F) satisfy:
dg(F) + Xy,ep(s) size(r;) =m - [U| + a- mg, wherea € N.

PROOF Give an AFD subset  over a relation r, its M(¥) is
{X; 5 Y}k 1> and the decomposed relation based on it is p(F) =
{ro,r1,...,7k+1} (see Section 3.2). We compute the total size of
decomposed relation p(F): YK size(r;) = (m — mg) - U] +
Z (Xl +1Yi]) - d#=(X;) + m# - |Re41]|. Adding both terms, we
obtain: dg(¥F) + Zi‘(:O size(r;) = (m—mg) - |U| + Zi:l de(X;) -
(Xl + 1Y) + - |Rial + mor - 25, % = 25, dr(X) - (1] +
[Yi=(m = mg) - |U| + mg - (S, Vil + |[Resa)=m - [U] + a - mg,
where a = Zle |Y;| + |Rk+1| — |U], is a non-negative integer. O

Consider our running example, decomposed relations p(7) =
{ro,r1, 2,13}, whose size is 65.a = 5+ 3 — 8 = 0, and dg(¥) +
Yriep(9) Size(ri) =15 + 65 = 8 X 10 + 0, verifying Property 4.1.

LEMMA 4.1. The core AFD set ¥ w.r.t. relation r satisfies the
following property: dg(F™) + X, ep(g) size(r;) =m - |U|.

ProOF. Assume, for the sake of contradiction, that £ is the
core AFD set, its M(7 ) = {X; Sy }k , and the following holds:
a Zi:l |Y;| + [Rg+1] = |U| > 0. Then, there exists S; # S; €
{Y1,..., Yk, Ris1} such that A € S;NS;. We now analyze all possible
cases: Case 1: A € Y¥; N Y; for some i # j. That is, A appears as the
RHS of both X; — A and X g 5 AinF*. Removing one of them (say,
X; 5 A) reduces the total size by at least d#(X;), contradicting the
optimality of #*. Case 2: A € Y; N Ry4;. That is, A appears both
as the RHS of some AFD X; <, A € F* and in the LHS of another
X; 5 Y; € F*.If Resr \ {A} — A, removing A from Ry, reduces
size by at least m; otherwise, removing A from the RHS of X; 5a
reduces it by at least d#(X;). In either case, this contradicts the
optimality of #*. Case 3: It is not possible for A to appear multiple
times in Ry.;. Hence, the core AFD set ¥* must hold a = 0, i.e.,
dg(F™) + Xy, ep(7) size(r;) = m-|U|. This completes the proof. O

Finding the core AFD set to minimize the decomposition is equiv-
alent to finding the maximum duplicate gain under the constraint
a =1Y;| + |Rk+1| — |U| = 0, since m - |U]| is a constant. This allows
us to avoid physically evaluating the decomposition size for each
candidate AFD subset. Instead, we can focus on those satisfying
a = 0 and select the one with the highest duplicate gain.

THEOREM 4.1. The core AFD set is equivalent to the following
problem: F* = arg max¢cy dg(F) under the constraint of a = 0.

PrOOF. By Lemma 4.1, for any AFD subset ¥ we have dg(¥F) +
Yriep(9) size(ri) = m-|U|+a-mg, where a > 0. For the core AFD set
¥, a = 0,and therefore dg(F ™) + X, ¢, (#+) size(r;) = m-|U|. Since
m-|U]| is a constant for a fixed relation r, maximizing dg(¥) is equiv-
alent to minimizing ¥, c,(#) size(r:). According to Definition 5.1,
the core AFD set 7 is defined as the AFD subset that minimizes
the total storage size. Therefore, #* must also maximize dg(¥)
among all ¥ C ¥ satisfying a = 0. Hence, ¥* = arg max¢cy dg(F)
under the constraint a = 0. This completes the proof. ]
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4.2 Filter Non-Duplicate AFDs

One naive way to select the core AFD set is to first discover X using
existing methods, and then exhaustively enumerate all subsets that
satisfy the constraint a = 0 required by Theorem 5.1. However, it is
computationally expensive. Instead of directly enumerating all sub-
sets, we use two key properties of ™ to filter out ineffective AFDs,
significantly reducing the number of AFDs before enumeration.

LEMMA 4.2. LetXy = {X—E> A € 3} denote all AFDs in ¥ sharing
the same LHS X. Ifdg(2x) < 0, then none of them can be included in

the core set; that is, X — A ¢ F* forall X > A € Sy ifdg(Sx) < 0.

Proor. Fix an attribute set X and let Xx = {X SAe >}. For
any AFD subset ¥ C X, denote by Fx = F NXx the selected depen-
dencies whose LHS is X. After merging, M(¥x) contains a single
dependency of the form X 5 Y, where Y = {A| X SAe Fx}.
According to Definition 4.2, this merged dependency contributes
dgr(X —=Y) = (mg = de(X)) - |Y] = de(X) - |X] to the objective
dg(¥F). In particular, when taking ¥ = Xy, the merged dependency
becomes X — Y where Y contains all RHS attributes under X , and
its duplicate gain equals dg(2Zx). Now assume dg(Zx) < 0. Con-
sider any candidate solution F with Fx # 0. Removing these de-
pendencies yields 7' = ¥ \ Zx, whose merged set M(¥”) contains
no dependency with LHS X. The only structural difference between
F and ¥ is the presence of the merged dependency with LHS X.
Since the merged dependency over Xx already yields negative du-
plicate gain, any non-empty subset of these RHS attributes cannot
produce a positive contribution. Consequently, including dependen-
cies from Xx cannot improve the objective (it decreases duplicate
gain, equivalently increases storage). Hence, no optimal solution
contains any dependency from Xx, thatis, #* N Zx = 0. O

By this Lemma, we can safely filter all AFDs in 2y if dg(Zx) <
0. However, computing exact dg(Zx) is expensive, as it requires
constructing a conflict graph to find composable tuples under Xx.

LEmMMA 4.3. The error of ¥, e(F), satisfies the following bounds:

maxe(p) < e(F) < ) e(p), (1)
oS 3
Briefly, we denote e (F) = ¥ ,c (@) andev (F) = max,eFe(e).

Proor. For each AFD ¢ € ¥, let V,, C T denote a minimum set
of tuples whose removal makes ¢ hold exactly. By definition, e(¢) =

%. Similarly, let V& C T denote a minimum set of tuples whose
removal makes all AFDs in ¥ hold simultaneously, so e(¥) = IlVTsrll

We first prove the lower bound. Since V& makes every ¢ €
¥ hold, it is a feasible removal set for each individual ¢. By the
minimality of V,,, we must have |V > |V, | for all ¢ € F. Dividing
both sides by |T| gives e(F) > e(¢) for all ¢ € F, and therefore
e(F) = max,c#e(p). Next, we prove the upper bound. Consider
the union of all individual removal sets V* = [, ¢+ V,,. Removing
V* makes every ¢ hold, hence V* is a feasible removal set for 7.
By the minimality of Vi#, we obtain:

|U¢€TV i
T

v
T

<2 Y el

peF

e(F) <



Combining them yields max,ecre(¢) < e(F) < X,ere(e). o

To avoid this, we evaluate upper bound of dg(2x) via Lemma 4.3,
having dg*? (Zx) = (1-e°¥(Zx)) -m-|Zx| - (|X] +|=x]) -d(X). If it
is negative, we remove X x from X (Algorithm 5 Lines 4-6). For exam-
ple, 2 (u1p,rtemDetail} includes one AFD, and dg™ (3 (b, rtemDetait})
< 0, indicating that they all do not belong to .

4.3 Filter Inefficient AFDs Using RHS
Uniqueness.

The enumeration space, |2, may still be large, and we can further
filter out inefficient AFDs by a corollary of Lemma 4.1.

COROLLARY 4.1. In the core AFD set ¥*, each attribute A € U
appears in the right-hand side of at most one AFD.

ProoF. Assume, for the sake of contradiction, that A appears as
the RHS of both X; = A and X ¢ 5 Ain F Removing one of them

(say, X; 5 A) can reduce the total size of p(7*) by at least d#(X),
contradicting the minimality of ¥ in Definition 4.1. O

Based on Corollary 4.1, an intuitive way is to retain, for each
attribute A, the candidate AFD X - A with the highest duplicate
gain. However, this is infeasible since the contribution of an AFD
depends on the subset in which it appears. Specifically, the duplicate
gain of an AFD is not independent: it is determined by the set ¥
through both the number of decomposable tuples and the storage
cost of attributes. The subset ¥ determines which tuples are decom-
posable, thereby affecting both m# and d#(X). Moreover, AFDs in
M(¥) determine which LHS attributes need to be materialized, and
thus affect the storage. As a result, evaluating an AFD in isolation

may be misleading. For example, the AFD ItemDetail > Category
has different numbers of decomposable tuples in Figure 2(a) (9 tu-
ples) and Figure 2(b) (8 tuples), leading to different duplicate gains.
Therefore, without knowing the exact subset F, it is impossible to
accurately assess the contribution of an AFD.

To address this challenge, we bound the duplicate gain that
an AFD can achieve across all subsets containing it, rather than
computing its exact gain. Our key idea is to compare AFDs by
their worst- and best-case gains: if the worst-case gain of one AFD
exceeds the best-case gain of another, the latter can be safely filtered.

(i ; — )
RelaxRD-Filter KD | itemDetail | Tmstp QRERhDetail| Merchant| Category| Amt
(77 cells) = ol IDI_ | Luckin | Late |23.00
U D. 0:03 D2 Luckin |Flat White{ 28.00
U D4 027 ID3 | Mixue |Milk Tea[32.00
AFD| £<0.1 U. 3 L1 1 o | St
(1) | ltemDetail—Merchant U 7 1:56 uckin_[Flat Whitd] 32
(5) [UID—PayType U3 1 EEFERRNN: Dctail | Merchant | Amt
7) [ItemDetail>Amt - D3 2:59 D1 Luckin 23.00
(8) [UIDCit D | City | PayType i
: y avTy D2 Luckin_| 28.00
[(4) ltemDetail >Category |
(22) | Merchant, Amt—liemDetail| D3 Mice 3200
U | sz D4 Luckin_| 32.00

Flat White | 25.00
Flat White | 28.00 | 13:48

D2 | Luckin

-

%

Figure 4: RelaxRD using ¥ after twice filtering (77 cells).

To derive such bounds, we first estimate the possible error range
of any subset containing a given AFD. By Corollary 4.1, for any AFD
¢ € X, the maximum error of any AFD subset containing it equals
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its own error plus the maximal errors of all other RHS attributes in
U \ {A}, while the minimum error is e(¢) (see Equation (2)).

. low _
g™ ) = (o)

max e"P(F) =e(p) + Z max e(X' — B).
FC3, peF BEU\{A}X —BeX

@)

Using these bounds, we derive the worst- and best-case duplicate
gains of an AFD across all subsets containing it.

LEMMA 4.4. For any AFD ¢ : X 5 A, its duplicate gain in any
subset F lies within the following range:

dgr(X 5 A) e [(1- max e®(F)) -m— (1+[X])-d(X),
FC3, peF

min _°Y(F) -m- (1+|X]) - (d(X)-m-

(1-
FCI, peF

: low
min € .
FCE, pef () )

where m is the number of tuples in the relation; ¥ is any AFD subset

containing ¢ : X 5 A; d(X) is the number of distinct values of X;
|X| is the number of attributes in X; and e"P(F) and % (F) are the
error bounds defined in Equation (2).

This reduces subset-unknown evaluation to pairwise AFD com-
parison, allowing many inefficient AFDs to be filtered out early.
More importantly, filtering can tighten the duplicate-gain bounds of
the remaining AFDs. Once some AFDs are removed, the set of feasi-
ble subsets containing each remaining AFD becomes smaller, which
leads to more accurate error bounds and changes the storage cost
of primary-key attributes when they are no longer shared across
multiple AFDs. This, in turn, enables further filtering of inefficient
AFDs. For instance, after one round of filtering, only 7 AFDs remain
in ¥; after a second round, ¥ is further reduced to 6 AFDs, yielding
a smaller decomposition (77 cells), as shown in Figure 4.

Algorithm 5 proceeds in three phases. First, it discovers AFDs
using DAFD1scovERy and removes non-duplicate AFDs using the
pruning rule from Lemma 4.2 and Lemma 4.3 (Lines 2-5). Next, the
algorithm iteratively filters inefficient AFDs using the RHS unique-
ness property (Corollary 4.1) (Lines 6—14). It builds an inverted
index I over the current AFD set X, grouping candidate AFDs by
RHS attribute. Each entry 7 [A] contains triplets (X, [, u), where

X5 Aisa candidate incoming AFD and /, u are its lower and upper
duplicate-gain bounds from Lemma 4.4. For each RHS attribute A,
candidates whose upper bound is smaller than the maximum lower
bound among candidates with the same RHS are pruned. If only
one candidate remains for A, it is confirmed as the best incom-
ing AFD for A, and all other AFDs with RHS A are removed from
3. This process repeats until no further pruning is possible. This
process converges in at most |U| iterations, since each nontrivial
iteration confirms at least one new RHS attribute, and there are at
most |U]| attributes; otherwise, no further change occurs, and the
loop terminates. After filtering, the remaining candidates in X are
merged with the confirmed AFDs in Cy4 to form the final candidate
space (Line 14). Finally, it enumerates candidate subsets ¥ C ¥
(Lines 16-19). Only subsets satisfying Z;C:l |Y;|+|Rk+1|—|U| = 0 are
considered, corresponding to the a = 0 condition in Theorem 4.1.
For each valid subset, CoMPUTEDG computes its exact duplicate
gain, and the current best solution (7, dg*) is updated online if a
larger gain is found. The algorithm returns the valid subset with the
maximum duplicate gain. ComPUTEDG identifies the maximal tuple



subset satisfying all AFDs in ¥ and computes the exact duplicate
gain; its pseudocode is provided in Algorithm 4.

Algorithm 4: CompuTEDG(T, 1)

Construct the equivalence dictionary & based on ¥ and r;
T, T\ T <« MAXIMALAFDTUPLESET (7, 7, &);
mg — |T’};

1

dg < 0;

foreach X; 5 Y; € M(¥) do
d#(X;) < number of distinct values of X; in r[T"];
dg « dg+ (mg — dg(X5)) - |Yi| - de(X5) - 1X:ls

return dg;

Algorithm 5 runs in O(n|X| + (Z;ii?(lzl’") (l?)) -m?(n +logm))
time in the worst case, where n = |U|, m = |r|. The O(n|X|) cost
comes from iterative filtering, which converges in at most n rounds.
The remaining cost comes from enumerating candidate subsets of
size at most min(|Z[, n), as Corollary 5.1 implies that any valid AFD
subset contains at most n dependencies, and evaluating each valid
subset using CompUuTEDG. Since || < n, each invocation of Com-
pUTEDG costs O(m?(n + log m)). The auxiliary space complexity
is O(m? + |2|), where the O(|2|) accounts for storing the current
candidate AFDs and the inverted index built over them.

Algorithm 5: ExacTCORE

Input: relation r over attribute set U;
Output: the core AFD set F7;
1 Initialize Crq < 0, conf « 0, Xprey — 0, n «— |U|;
2 3 « DAFDISCOVERY(7);
3 foreach X; such that 3(X; 5 A) € X do
4 if dg"? (3x;) < 0 then
5 L Remove all AFDs in 2X; from ¥; // ExactCore;

while 2 # 0 and X # 3,y do

Zprev < %5

7 « INVERTEDINDEX(Z, conf);

foreach A € U \ conf do
T[A] —«{(X,Lu) |u=zmax{l' | (X",l',u’") € T[A]}};
if 7[A] ={(X,Lu)}; // the only candidate for A
then

L add (X 5 A) to Crq and A to conf;

| Remove all AFDs from ¥ whose RHS attribute belongs to conf;

%« XU Crq; // ExactCore;
Initialize ¥ < 0, dg* < 0, S « 0; // Sexactcore
for lengthl < 1;1 < min(|2|, n); [++ do
foreach subset ¥ C X with |F| =1 do
L if X5, [Yil + [Riess| = |U| = 0 then
L Update 7, dg* if CompuTEDG(F, r) > dg*; S++;

20 return 7*;

Discussion: the performance of ExacTCoRE. In Figure 4, effi-
ciency could be further improved by enumerating merged depen-
dencies M(¥) instead of the original AFD set #. However, this
assumes that AFDs in F satisfy Armstrong’s axioms in relation r,
which may not hold in practice due to conflicting approximation er-
rors. Therefore, we focus on exact enumeration over singleton-RHS
AFDs. We also integrate RelaxRD’s pruning rules into lattice-based
AFD discovery to reduce the search space.
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Table 1: Statistics of the public datasets.

Dataset Attributes Tuples Domains

School [21] 27 14,384 Education

Adult [21] 15 32,561 Census demographics
NCVoter [30] 19 1,000,000 Voter registration
Fraud [36] 23 1,296,675 Financial transactions
CrimeLA [34] 26 1,048,574 Crime reports

DIGIX [26] 36 1,000,000 Recommendation
IndusData 15 4,000,000 Financial transactions
Towa[7] 24 12,591,077 Retail sales

5 EXPERIMENTS

In this section, we evaluate RelaxRD on eight real-world datasets in
terms of storage reduction, robustness, sensitivity, efficiency, and
query performance.

5.1 Experiment Setup

5.1.1 Datasets. We evaluate RelaxRD on eight real-world datasets.
Seven of them are publicly available datasets, while one is an in-
dustrial dataset that cannot be released due to privacy constraints.
These datasets are selected to cover diverse application domains
and data characteristics. In particular, School, Adult, and NCVoter
are commonly used benchmarks in AFD discovery [12, 17, 21, 30],
providing standard baselines. The description is in Table 1.

5.1.2  Baselines. We introduce baselines from five aspects (the top-
down workflow of relation design): AFD discovery, AFD selection,
logical schema design, physical storage models, and compression.
(1) AFD Discovery Baselines. To examine whether RelaxRD is
robust to different AFD discovery algorithms, we evaluate it using
AFD sets discovered by four representative methods: TANE [17],
DAFDiscover [12], Hyrp [30], and Pyro [21].

(2) AFD Selection Baselines. To the best of our knowledge, Re-
laxRD is the first work to study dependency selection. Thus, to
evaluate the importance of selecting high-quality AFDs for relation
design, we compare EXACTCORE with two simple AFD selection
baselines: RaANDoM, which selects k AFDs at random, and MINIMAL,
which selects the k AFDs with the smallest error, where k is the
size of the core AFD subset produced by RelaxRD.

(3) Storage Model Baselines. To evaluate whether the benefits of
RelaxRD persist on different storage models, we evaluate storage un-
der three storage models: row-store, column-store, and key-value
store. We use PostgreSQL (abbr. PG) [38] and PolarDB (abbr. PD) [10]
as row-store systems, DuckDB [33] as a column-store system, and
RocksDB (abbr. RD) [13] as a key—value store system.

(4) Compression Baselines. To examine whether the storage
benefits of RelaxRD remain effective under different compression
techniques, we evaluate four representative compression methods:
Zlib [24], LZ4 [22], ZSTD [45], and DuckDB’s native compression.

5.1.3 Implementations. All experiments are conducted on a ma-
chine with an Apple M3 Ultra (28-core CPU, 96 GB unified memory).
The implementations of AFD discovery algorithms are obtained
from public repositories [12]. PostgreSQL 17.2, DuckDB v1.5.0, and
RocksDB (via MariaDB 12.2.2) are used with default configurations.
PolarDB 8.0.13 is deployed on an Alibaba Cloud instance with 2
CPU cores and 2 GB memory. Compression uses each system’s
built-in implementation. Unless otherwise specified, ¢ = 0.05.



Table 2: Storage size comparison (MB) across eight datasets
under row-store, column-store, and KV-store settings.

j_,; Method Row-store Col-store KV-store
a PD PD-Zlib PG DuckDB RD RD-LZ4 RD-ZSTD
Large 4.81 2.41 4.62 1.00 3.35 1.57 1.13
= |Random 8.66 3.82 8.36 1.50 442 2.04 1.43
_g Minimal 8.47 3.73 8.21 1.70 4.85 2.33 1.69
& |RelaxRD 4.80 2.37 4.55 1.30 3.27 1.51 1.11
Savings 0.2% 1.7% 1.5% -30.0% 2.4% 3.8% 1.8%
Large 7.03 3.52 6.31 0.75 4.24 1.50 1.16
- Random 10.13 4.55 8.23 1.20 5.42 1.92 1.47
.é' Minimal 7.09 3.55 6.55 1.00 4.11 1.45 1.13
<|RelaxRD|| 7.09 355 645 1.00 411 145 1.13
Savings -0.9% -0.9% -2.2% -33.3% 3.1% 3.3% 2.6%
Large 215.31 98.15 203.54 18.7 163.77 50.90 38.70
§ Random || 755.42 349.76  691.49 54.5 409.05 142.28 95.47
§ Minimal || 204.58 93.28 173.17 20.5 151.14 49.48 37.06
% RelaxRD|| 126.23 57.61 103.48 17.7 75.67 32.01 22.35
Savings 41.4% 41.3% 49.2% 53% 53.8% 37.1% 42.2%
Large 305.42 18575 268.62 70.0 267.07  218.19 179.19
- |Random || 463.66 267.88 351.29 81.7 314.71 248.14 202.16
g Minimal || 613.97 344.54 403.78 146.7 412.16  342.07 250.93
R |RelaxRD || 185.00 102.00 136.91 47.2 128.08 95.53 77.90
Savings 39.4% 45.1% 49.0% 32.6% 52.0% 56.2% 56.5%
Large 279.41  126.69 215.00 44.2 226.17 135.83 110.04
5 Random || 524.11 246.05 489.24 55.2 296.19  169.34 127.74
E Minimal || 529.02 245.01 495.13 57.0 299.98  164.59 125.71
'5 RelaxRD || 189.64 86.31 124.07 38.5 139.79  89.69 71.62
Savings 32.1% 31.9% 42.3% 12.9% 38.2% 34.0% 34.9%
Large 279.42  126.70 222.43 28.0 213.08 83.89 57.43
» |Random || 295.25 134.59 301.42 29.2 211.67 83.28 57.89
§ Minimal || 260.89 118.44 210.73 26.7 196.89 76.87 53.97
A [RelaxRD|| 249.77 113.37 195.43 20.0 170.34 59.34 40.87
Savings 10.6% 10.5% 12.1% 28.6% 20.1% 29.3% 28.8%
« Large 556.64 25332 452.00 75.2 356.17 147.91 92.26
‘@ |Random || 656.98 302.48 597.08 87.5 375.95 178.52 109.01
% Minimal || 880.81 407.43 781.2 151.0 480.57  258.93 154.85
"g RelaxRD || 515.80 238.91 306.19 70.2 26191 141.76 82.40
™ |Savings 7.3% 5.7% 32.3% 6.6% 26.5% 4.2% 10.7%
Large 4499.88 1851.94 3924.17 542.7 7373.52 5962.62  1685.50
o Random || 4002.41 1810.72 3658.32 485.2 5992.51 3863.50 1438.74
g Minimal || 3958.14 1791.05 3521.89 453.5 5934.86 2034.29 1541.24
™~ |RelaxRD ||3007.59 1364.30 2361.74 329.0 3016.25 1794.78 1051.42
Savings 33.2% 26.3% 39.8% 39.4% 59.09% 69.90% 37.6%

PD-Zlib denote PolarDB with Zlib; RD-LZ4/-ZSTD denote RocksDB with LZ4/ZSTD.

DuckDB uses its native compression. Savings = (Large — RelaxRD) /Large X 100%.

5.2 Storage Reduction Performance

Different AFD selection strategies. Table 2 reports the storage
of the original relation (Large) and decompositions induced by
different AFD selection strategies (Random, Minimal, core AFD)
across eight datasets and four storage engines (PD, PG, RD, and
DuckDB). We can find: (1) RelaxRD substantially reduces storage
over Large, with the largest savings on Iowa (up to 59.09% under
RocksDB) and smaller gains on low-redundancy datasets such as
School and Adult. (2) Compared with Random and Minimal, Re-
laxRD achieves lower storage cost, indicating that neither random
selection nor lowest-error AFDs is necessarily effective for storage-
oriented schema design. (3) RelaxRD, as a schema design technique,
remains effective across row-, column-, and KV-store systems.

Combined with compression techniques. Table 2 reports the
storage of the original relation (Large) and RelaxRD under differ-
ent compression settings across four storage engines. We observe
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that: (1) Compared with compressed Large, RelaxRD without com-
pression can still achieve additional savings on some datasets. For
example, on Fraud, it reduces storage by up to 41.3%, and on Iowa by
49.4% under RD-LZ4. However, on datasets with limited FD-based
redundancy (e.g., DIGIX), RelaxRD may be worse than compressed
Large. (2) When combined with compression, RelaxRD consistently
yields smaller storage than compressed Large on most datasets. For
example, under RD-LZ4, it achieves up to 69.9% reduction on Iowa,
56.5% on Fraud, and 42.2% on NCVoter. Similar trends are observed
on PolarDB and DuckDB, while the benefit is limited on very small
datasets such as School and Adult. This is because compression
and RelaxRD reduce different forms of redundancy. Compression
primarily shrinks byte-level duplicates, whereas RelaxRD removes
schema-level redundancy by eliminating values that need not be
repeatedly stored, while preserving the structural relationships
among attributes. Thus, compression is better at shrinking bytes,
whereas RelaxRD is more favorable for relational reasoning, con-
sistency maintenance, and also inherits the benefits of classical
normalization, such as reducing anomalies. They are orthogonal
and can be combined for stronger storage reduction.

5.3 Sensitivity and Robustness Analysis

We examine how the decomposition results change under different
approximation thresholds ¢, and whether they remain stable when
the input AFD set is generated by different discovery algorithms.

— Sharp drop

Plateau Minor fluctuation

Storage
Storage

0.8

00 02 04 0 810 00 02 04 06 8. .
(a) Idealized storage-error relationship (b) Practical storage-error relationship

Figure 5: Trends among storage—error curve in RelaxRD.

5.3.1 Varying error thresholds e. We vary ¢ from 0 to 0.2 and report,
across five datasets, the number of discovered AFDs (#AFDs), the
number of AFDs in the core AFD set (| |), the violating-tuple
%, the storage of RelaxRD (MB), and the resulting storage
savings (Table 3). As the error threshold increases, the storage of
RelaxRD follows an approximately monotonic decreasing trend: a
sharp drop at small thresholds and then gradual stabilization (see
Figure 5(a)). This is because: (1) At small error thresholds, only a
small fraction of tuples violate the core AFD set, so most tuples can
be decomposed by RelaxRD, leading to rapid storage reduction. (2)
Low-error AFDs are more likely to capture meaningful semantic
regularities rather than merely statistical pseudo-dependencies, and
therefore reveal more removable duplicates, just like existing AFD
discovery algorithms only focus on AFDs with small thresholds,
such as 0.01 and 0.05 [12, 17, 21, 30]. (3) As ¢ increases, the candidate
AFD space becomes larger, but the newly admitted AFDs usually
have larger error and fewer decomposable tuples (fewer gain). As a
result, the core AFD set remains largely dominated by low-error
(more decomposable tuples) AFDs. Consequently, the ¥* becomes
increasingly similar to that under smaller thresholds, resulting in
similar decompositions and thus gradual stabilization of the storage.

The storage is strictly non-increasing as ¢ increases if X, con-
tains all AFDs whose error does not exceed ¢ (Figure 5(a)). To be

ratio



specific, for €1 < €, let £; and ¥, denote the sets of all AFDs satis-
fying the two thresholds, respectively. Then X; C Xp. Let 77" C 34
and F,” C X, be the corresponding optimal core AFD sets. Since
RelaxRD minimizes storage cost, we have C(¥;,") = mingcs, C(F)
and C(%,") = mingcs, C(F), which implies C(F,) < C(F7).
Therefore, the storage is non-increasing as ¢ increases. In prac-
tice, the storage is approximately non-increasing as ¢ grows, with
only minor fluctuations (see Figure 5(b)). For instance, on the School
dataset, the storage cost increases only slightly from 3.27 to 3.29
when ¢ increases from 0.05 to 0.1. This is because most existing
AFD discovery algorithms [12, 17, 21, 30] adopt level-wise search
over the attribute lattice with necessary early pruning. As a re-
sult, some AFDs that should become feasible at larger thresholds
may be pruned before being fully explored, so the ideal inclusion
3, C X, may not strictly hold. Consequently, RelaxRD may opti-
mize over different candidate spaces and select slightly different
core AFD sets, leading to minor storage fluctuations. For exam-
ple, suppose ABC — D is selected under a smaller threshold ¢,
while under a larger threshold ¢;, a relaxed dependency AB — D
becomes valid and prunes ABC — D.If AB — D is then selected,
the schema stores one fewer key attribute C, reducing schema stor-
age but enlarging ro due to more violations. The final storage cost
is determined by the trade-off between these two effects, which
explains the minor fluctuations observed in practice.

5.3.2  Varying AFD discovery algorithms. To evaluate the robust-
ness of RelaxRD with respect to different AFD discovery algorithms,
i.e., TANE [17], DAFDiscovery [12], HyFD [30], and Pyro [21], we
first obtain the discovered AFD set ¥ from each method, then run
RelaxRD to select the core AFD subset ¥ and perform the decom-
position. Table 4 reports the number of discovered AFDs by AFD
discovery algorithms, the size of the core AFD set | *| via RelaxRD,
and the storage (MB) via RelaxRD. Overall, the core AFD sets se-
lected by RelaxRD and the resulting decompositions are highly
similar across different discovery algorithms and are often even
the same. Small storage differences may still occur due to minor
variations in X caused by different pruning strategies and search
orders, but their impact remains limited (e.g., 169.87-170.65 MB
on DIGIX and less than 1 MB on Iowa). These results indicate that
RelaxRD is robust to the upstream AFD discovery algorithms.

5.4 Efficiency of RelaxRD

We use DAFDISCOVERY to extract AFDs. For large datasets, we first
mine AFDs on a small sample and retain only those whose errors
remain below 0.05 after validation on the full dataset.

Filtering power of ExacTCoORE. Here, we evaluate the filtering
power of the two strategies in ExacTCoRE, namely ExaAcTCORE;
and EXAcTCORE,. Table 5 reports the candidate sizes before and af-
ter filtering, together with the corresponding filtering rates. Overall,
both strategies remove most candidate AFDs, while ExacTCORE,
consistently achieves stronger pruning. For example, both methods
filter out over 99% of candidates on School and Adult, and over
94% and 99% on NCVoter and Fraud, respectively. Its advantage
becomes more evident on CrimeLA, IndusData, and Iowa.
Runtime of ExacTCoRe. Figure 6(a), across all datasets, reports
the runtime of EXACTCORE,. Overall, both methods incur very low
overhead. In particular, ExACTCORE; runs in only 0.0129 s on School
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Figure 6: Runtime of filtering.

and 0.0005 s on Adult, while remaining below 0.25 s on datasets
such as CrimeLA and NCVoter. Even on larger datasets, the runtime
remains small: on DIGIX, the two variants take 5.97 s and 3.83s,
respectively, and on Iowa only 5.26 s and 2.67 s. These results show
that ExacTCoRE introduces negligible runtime overhead.

5.5 Query Performance.

To evaluate how RelaxRD affects end-to-end query latency in prac-
tical workloads, we construct a representative query workload over
both the original large relation and the decomposed relations. We
construct a workload of 12 representative SQL statements, includ-
ing 3 point queries, 3 range queries, 3 analytical queries, and 3 write
operations (INSERT, UPDATE, and DELETE), covering diverse data
access patterns. The workload is generated with the assistance of
ChatGPT using the domain description and attribute semantics
of each dataset, together with explicit instructions on the desired
query types, and require it to simulate realistic application require-
ments when generating queries. The model outputs SQL queries
together with natural-language descriptions of the hypothetical
business scenarios motivating them. All queries are first defined
over the original (large) relation. We then develop a query trans-
formation tool that automatically rewrites them into equivalent
queries over the decomposed relations produced by RelaxRD, while
preserving query semantics. The complete query workload and
transformation tool are publicly available in our GitHub repository.
We evaluate the workload on two storage systems: PolarDB and
RocksDB, comparing query latency between the original (Large)
relation and the decomposed schema produced by RelaxRD. For
PolarDB and RocksDB, we further consider multiple compressions
to evaluate how schema decomposition interacts with compres-
sion mechanisms. The results are shown in Figures 7-8. Over-
all, the query latency of RelaxRD is determined by the trade-off
between reduced I/O and the additional CPU overhead of join
operations. Decomposition can improve performance by reduc-
ing data access, while the original large relation may be faster
by avoiding join costs. To explain this trade-off, we model the la-
tency difference of a query Q as ALatency(Q) = Latencyy . (Q) —
Latencyp.j.rp (Q) = @ - AIO(Q) — - J(Q), where a, f > 0 are scal-
ing factors that map data access and computation cost to latency.
Here, AIO(Q) =10(r) — I0(pneeded(F*)) denotes the reduction in
data access brought by decomposition, where ppeeded (F*) is the
minimal set of decomposed relations required to answer Q. The
term J(Q) denotes the CPU cost of joining these relations. Thus,
ALatency(Q) > 0 indicates that RelaxRD is faster than the original
relation. In particular, we divide workloads into three categories.
(1) Join-free queries (see Q1-Q3 in Figure 7 and Figure 8). These
queries can be answered from a single decomposed relation and



Table 3: Sensitivity analysis under different error thresholds ¢.

therefore incur no join overhead, i.e., J(Q) = 0. Hence, ALatency(Q) ~
a-AI0(Q). Since AIO(Q) =10(r) —I0(pneeded (F*)) = 0, any single
decomposed relation is no larger than the original relation r, and
join-free queries typically achieve lower latency under RelaxRD.
Therefore, join-free queries typically achieve lower latency under
RelaxRD, regardless of whether they are point, range, or analytical
queries. (2) Join-based queries (see Q4-Q9 in Figure 7 and Figure 8).
For these queries, latency is determined by the trade-off between
/O reduction AIO(Q) and join cost J(Q). We consider three repre-
sentative cases. (D Point queries. Point queries are highly selective
and produce only small intermediate results, so the join cost J(Q)
is typically negligible. Since decomposition still reduces data access,
AIO(Q) remains positive. Hence, AIO(Q) > J(Q) typically holds,
and RelaxRD usually achieves lower latency. (2) Range queries.
Range queries have moderate selectivity and produce larger inter-
mediate results, making J(Q) non-negligible. At the same time,
AIO(Q) remains beneficial due to reduced redundancy. As a re-
sult, latency depends on the balance between these two terms,
and RelaxRD may either outperform or slightly underperform the
original relation. 3) Analytical queries. Analytical queries, such as
low-selectivity scans or full-table aggregations, often involve large
intermediate results and access most decomposed relations. In this
case, the I/O reduction is limited while the join cost becomes domi-
nant. Therefore, J(Q) > AIO(Q) typically holds, and the original
large relation generally achieves lower latency. (3) Write operations
(see Q10—-Q12 in Figure 7 and Figure 8). (D INSERT (Q10). INSERT
is efficient under RelaxRD, since a new tuple is directly appended
to ro without requiring joins or tuple reconstruction. (2) UPDATE
(Q11). UPDATE first requires locating the target tuple, and therefore

Dataset e=0 £=0.01 £=0.05 e=0.1 =02
#AFDs | 77| % RelaxRD % T |#AFDs | F7| % RelaxRD % T [#AFDs | F*| % RelaxRD % T |#AFDs | F¥| % RelaxRD % T |[#AFDs | F~| % RelaxRD % T
School 0 0 0000 335 00%[40174 2 0004 331 12%]55219 3 0065 327 24%|46347 3 0072 329 1.8%)53227 3 0081 3.28 2.1%
Adult 0 0 0000 424 00%| 713 1 0008 411 3.1%| 884 1 0008 411 3.1%| 901 2 0047 400 57%| 1124 2 0.047 400 5.7%
Fraud 3044 12 0.000 14437 45.9%| 2973 14 0.011 12855 51.9%| 3012 14 0.013 128.08 52.0%| 2291 14 0.013 128.08 52.0% 2253 14 0.013 128.08 52.0%
CrimeLA | 131 6 0 13979 38.2%| 3227 6 0 13979 382%| 4399 6 0 13979 38.2%| 5820 8 0.032 139.88 38.2%| 5937 8 0.032 139.88 38.2%
IndusData| 24 4 0.000 33152 6.9%| 57 8 0.003 266.80 25.1%| 96 8 0.013 26191 265% 73 8 0071 25951 27.1% 72 9 0.108 235.14 34.0%
Table 4: Comparison across different AFD discovery methods (¢ = 0.05). Storage is measured using RD (MB).
School Adult NCVoter Fraud CrimeLA DIGIX IndusData Towa
Methods
#AFDs |F*| RelaxRD [#AFDs |F™*| RelaxRD|[#AFDs | 7*| RelaxRD|#AFDs | 7*| RelaxRD [#AFDs |F*| RelaxRD [#AFDs |F*| RelaxRD [#AFDs | 7*| RelaxRD|#AFDs | F*| RelaxRD
TANE 55213 3 327 | 884 1 411 | 893 10 7567 |3078 14 128.08]4399 6 12979] 201 17 17034 102 8 261.91| 104 11 3016.25
DAFDISCOVERY[55219 3 3.27 | 884 1 411 | 897 10 7567 |3012 14 128.08 |4399 6 129.79] 205 17 17034| 96 8 26191 106 11 3016.25
HyFD 55734 3 327 | 901 1 411 | 814 10 7567 | 3056 14 128.08 | 4075 6 129.83| 198 17 170.65| 105 8 26234 113 11 3016.25
PYRO 55184 3 374 | 891 1 411 | 902 10 76.12 | 2987 14 12756 | 4413 6 130.41| 211 17 169.87 | 101 8 26244 | 109 11 4731.88
Table 5: Filter power with filtering rate. follows the same cost pattern as the query cases analyzed above:
Datasets |— ExactCore; ExactCore, its latency depends on whether tuple identification is join-free or
|z‘_|Z|EXACTCORE1 =T-T [EXACTCOREZ .. . . . . . .
2] | IZlexacrcore; ——7— | |Zlexacrcons, — 71—~ join-based. Once identified, the modified tuple is written into ry. 3)
School  [55,219 31 99.9% 13 99.9% DELETE (Q12). DELETE also first requires locating the target tuple
Adult 884 1 99.9% ! 99.9% and thus follows the same identification cost pattern as UPDATE.
NCVoter | 897 51 94.3% 48 94.6% After identification, deletion is applied only to ry and ry.;, since
Fraud 3,012 28 99.1% 27 99.1% hese t lati tuple identitv th h the orieinal
CrimelA 4399 > o7 A 3% t ese two relations preserve tuple identity through the origina
DIGIX 205 5 79.0% 3 315% primary key. Other decomposed relations are refreshed periodi-
IndusData| 96 5 53.1% 27 71.9% cally rather than directly updated to avoid anomalies and ensure
Towa 106 63 40.6% 24 77.4% consistency.

6 RELATED WORKS

Traditional Schema Design. Database normalization is the classi-
cal foundation of logical schema design in the relational model
[16, 37, 39, 40, 43, 47, 48]. Normalization restructures database
schemas into progressively stricter normal forms, enforcing func-
tional dependencies as constraints to eliminate redundancy and
guarantee correctness [18, 20, 23, 41]. Specifically, First Normal
Form (1NF) eliminates nested relations and multivalued attributes
by requiring that each attribute contains a single, atomic value.
Second Normal Form (2NF) [4] eliminates partial dependencies by
requiring that every non-key attribute be fully functionally depen-
dent on the entire candidate key. Third Normal Form (3NF) [6]
removes transitive dependencies by requiring that every non-key
attribute be functionally dependent on a key, while Boyce-Codd
Normal Form (BCNF) [3] further strengthens this requirement by
ensuring that the left-hand side of every functional dependency is
a key. Recently, Zhang et al. [49] proposed a 3NF schema synthe-
sis approach that parameterizes candidate schemata based on the
number of keys and non-key dependencies to reduce maintenance
overhead while preserving all dependencies. These classical normal
forms guarantee logical consistency and maintainability.

Functional Dependency Discovery. A large body of research has
focused on identifying exact functional dependencies [15, 17, 27—
30]. However, these methods become infeasible when real-world
data contains some tuples that violate exact FDs. Recently, approx-
imate functional dependency (AFD) discovery techniques have
been proposed [11, 21, 28, 32]. These methods relax dependency
conditions by allowing limited violations or errors [25, 31, 35], en-
hancing their robustness in noisy yet real datasets. These works can

2395




[ Large (Po-Orig) [ Large (Po-Zlib)

[ RelaxRD (Po-Orig)

I RelaxRD (Po-Orig)

0.60 6.0 6.0 0.15
045 4.5 4.5
) 0.10
P
20.30 3.0 3.0
L
S 0.05
ooollllllllooJlloolllilooo
: Ql Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9QI0QIIQI2 QI Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 QIOQIIQI2 QI Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 QIOQIIQI2 QI Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10QIIQI2
(a) Adult (b) CrimeLA (c) NCVoter (d) School
6.0 300 6.0 5.0
45 25 45 40
g 3.0
230 150 3.0
£ 2.0
- 1.5 75 1.5
: J - 10
0.0l _a I .. | I 0 I - L ] a ' g .am
. Ql Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10Q11QI2 Ql Q2 Q3 Q4 Qi 06 Q7 Q8 Q9 Q10Q11QI2 ’ QI Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10Q11QI2 Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 QY QI0QIIQI2

(e) IndusData (f) Towa

(¢) DIGIX (h) Fraud

Figure 7: Latency comparison between Large and RelaxRD on PolarDB under different compressions (PD and PD-Zlib).
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Figure 8: Latency comparison between Large and RelaxRD on RocksDB under different compressions (Orig, LZ4, and ZSTD).

be classified as follows. (i) Lattice-based approaches, which model
the search space as a power set lattice of attribute combinations and
employ a level-wise bottom-up traversal strategy that builds upon
the apriori-gen candidate generation principle [1], e.g., TANE [17]
and DAFDIscOVERY [12]. They generate new AFD candidates and
validate them using a stripped equivalence partition. Notably, their
pruning rules usually exploit the minimality criterion of AFDs and
have significant overlap [29]: almost all algorithms in lattice-based
methods use and extend the pruning rules of TANE. (ii) Probabilistic-
based approaches, which model the distribution that AFDs impose
over pairs of tuples and leverage dependencies to recover AFDs [14],
e.g., FDX [46], and RFI [28]. However, the number of AFDs can be
extremely large, and not all AFDs are useful.

7 CONCLUSION AND FUTURE WORKS

In this paper, we present RelaxRD, a storage-centric schema design
approach that leverages high-quality AFDs to reduce redundancy.
RelaxRD constructs schemas from AFDs, models violating tuples
via a conflict graph, and formulates tuple selection as a maximal
independent set problem. We further develop an efficient algorithm,
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ExAcTCORE, to select core AFDs for decomposition. Experiments
demonstrate that RelaxRD achieves substantial storage reduction,
making it a complement to classical normalization.

Discussion and future directions. RelaxRD suggests a broader
shift in relational schema design: from rule-based normalization
to cost-driven design. Traditional schema design focuses on log-
ical validity, while future schema design may explicitly optimize
physical objectives such as storage, maintenance, and query perfor-
mance. Second, AFD mining may also shift from discovery-driven
to objective-driven. Rather than exhaustively finding statistically
valid dependencies, future methods may focus on dependencies
that are useful for downstream tasks such as schema optimization.
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