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ABSTRACT
The isolation level Multiversion Read Committed (RC), offered by
many database systems, is known to trade consistency for increased
transaction throughput. Sometimes, transaction workloads can be
safely executed under RC obtaining the perfect isolation of serializ-
ability at the lower cost of RC. To identify such cases, we introduce
an expressive model of transaction programs to better reason about
the serializability of transactional workloads. We develop tractable
algorithms to decide whether any possible schedule of a workload
executed under RC is serializable (referred to as the robustness
problem). Our approach yields robust subsets that are larger than
those identified by previous methods. We provide experimental ev-
idence that workloads that are robust against RC can be evaluated
faster under RC compared to stronger isolation levels. We discuss
techniques for making workloads robust against RC by promoting
selective read operations to updates. Depending on the scenario,
the performance improvements can be considerable. Robustness
testing and safely executing transactions under the lower isolation
level RC can therefore provide a direct way to increase transaction
throughput without changing DBMS internals.
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1 INTRODUCTION
Relational database systems provide the ability to trade off isolation
guarantees for improved performance by offering a variety of isola-
tion levels, the highest being serializability, which guarantees what
is considered to be perfect isolation. Executing transactions concur-
rently under weaker isolation levels is not without risk, as it can
introduce certain anomalies. Sometimes, however, a set of transac-
tions can be executed at an isolation level lower than serializability
without introducing any anomalies. This is a desirable scenario: a
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lower isolation level, usually implementable with a cheaper concur-
rency control algorithm, gives us the stronger isolation guarantees
of serializability for free. This formal property is called robustness
[10, 21]: a set of transactions T is called robust against a given
isolation level if every possible interleaving of the transactions in
T that is allowed under the specified isolation level is serializable.

There is a famous example that is part of database folklore: the
TPC-C benchmark [46] is robust against Snapshot Isolation (SI), so
there is no need to run a stronger, and more expensive, concurrency
control algorithm than SI if the workload is just TPC-C. This has
played a role in the incorrect choice of SI as the general concur-
rency control algorithm for isolation level Serializable in Oracle
and PostgreSQL (before version 9.1, cf. [22]).

Robustness is, fundamentally, a static property of workloads,
rather than a property detectable online, while a concrete transac-
tion schedule unfolds. It involves the static or offline analysis of
transaction programs (code) to decide whether all possible interleav-
ings of transactions (that is, instantiations of transaction programs)
at runtime are guaranteed to be robust. Robustness received quite
a bit of attention in the literature. Most existing work focuses on
SI [3, 7, 21, 22] or higher isolation levels [8, 10, 13, 16]. It is particu-
larly interesting to consider robustness against lower level isolation
levels like multi-version Read Committed (referred to as RC from
now on). Indeed, RC is widely available, often the default in data-
base systems (see, e.g., [4]), and is generally expected to have better
throughput than stronger isolation levels. The work by Alomari
and Fekete [5] studies robustness against RC and proposes ways
to preanalyse (and then modify) the code of a set of applications
allowing to run transactions under RC while still guaranteeing that
all executions are serializable.

In general, robustness is a hopelessly undecidable property and
previous work has therefore only dealt with very simple models
of workloads. In this paper, we focus on pushing the frontier of
the robustness problem for RC. Robustness for arbitrary database
application code would require the full sophistication of state-of-
the-art program analysis and theorem provers and would not allow
us to distill general guarantees that can lead to simpler analysis
algorithms. We take a middle road, proposing a more expressive
model of workloads than previously considered, which lets us still
craft a complete and tractable decision procedure for robustness.
We will show by examples – specifically the TPC-C and SmallBank
benchmarks – that our model allows us to significantly expand the
reach of robustness testing, yielding guaranteed serializability at
the cost of just RC isolation for a much larger class of workloads.
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Our approach is centered on a novel characterization of robust-
ness against RC in the spirit of [21, 29] that improves over the
sufficient condition presented in [5], and on a formalization of
transaction programs, called transaction templates, facilitating fine-
grained reasoning for robustness against RC. Key aspects of our
formalization are the following:

• Conceptually, transaction templates are functions with parame-
ters, and can, for instance, be derived from stored procedures in-
side a database system. Our abstraction generalizes transactions
as usually studied in concurrency control research – sequences
of read and write operations – by making the objects worked
on variable, determined by input parameters. Such parameters
are typed to add additional power to the analysis.

• We support atomic updates (that is, a read followed by a write of
the same database object, to make a relative change to its value)
allowing us to identify some workloads as robust that otherwise
would not be.

• Furthermore, we model database objects read and written at the
granularity of fields, rather than just entire tuples, decoupling
conflicts further and allowing to recognize additional cases that
would not be recognizable as robust on the tuple level.

There are also a few restrictions to the model. We assume there is
a fixed set of read-only attributes that cannot be updated and which
are used to select tuples for update. The most typical example of
this are primary key values passed to transaction templates as pa-
rameters. The inability to update primary keys is not an important
restriction in many workloads, where keys, once assigned, never
get changed, for regulatory or data integrity reasons. In general,
this restriction on updating and query-based selection of the same
fields deals with the fact that the static, workload-level analysis
of the phantom problem quickly yields undecidability. This makes
our results inapplicable in certain scenarios, but these assumptions
are necessary to make robustness decidable for such a versatile
class of workloads, and it seems an acceptable trade-off to obtain
such a result. It can be hoped that future work will push this decid-
ability frontier even further. These choices provide an interesting
tradeoff between tractability and the ability to model and decide
the robustness of more realistic workloads, as will be argued and
illustrated throughout the remainder of the paper (as in Section 2
for the SmallBank benchmark).

The sufficiency of our test for robustness, and the modification
techniques we introduce to make programs robust, are practically
applicable to programs that fit our model of a template. Programs
that contain reads based on a predicate, rather than lookups on
unchanging attributes such as a primary key, will need further
techniques. Also, the necessity we prove for our decision proce-
dure is only valid within our definition of RC isolation. In practice,
it is possible for a set of programs running on a particular plat-
form to always generate serializable executions even if they do not
meet our test, in the case that the platform’s implementation of RC
doesn’t allow all the possible interleavings which are covered by
our definition of RC.

In summary, the technical contributions of this paper are the follow-
ing. (1) We provide a full characterization for robustness against RC
for a workload of mere transactions instances (i.e., in the absence

of variables). The characterization forms a main building block
for the robustness results for transaction templates mentioned in
(3) below. Our result is interesting in its own right as there are
not many isolation levels for which complete characterizations are
known. The seminal paper by Fekete [21] was the first to provide a
characterisation for SI. More recently, such characterisations where
obtained for RC and Read Uncommitted under a lock based rather
than a multiversion semantics [29]. In fact, it was shown that ro-
bustness against RC under a lock-based semantics is conp-complete
which should be contrasted with the polynomial time algorithm
for multiversion Read Committed obtained in this paper.
(2) We introduce the formalism of transaction templates and for-
mally define how associated sets of workloads are defined. The new
formalism takes into account the type of variables in operations,
makes atomic updates explicit, and models database objects read
and written at the granularity of fields rather than tuples.
(3) We obtain a polynomial time decision procedure for robustness
against RC for workloads of transactions defined by transaction
templates. This is the first time a sound and complete algorithm
for robustness against RC on the level of transaction programs is
obtained – that is, an algorithm that does not produce false positives
nor false negatives. In this way, we extend the work in [5] that is
based on a sufficient condition for robustness in the sense that
false positives never occur but false negatives can. We discuss the
implications of our algorithm in detail in Section 8.
(4) We assess the effectiveness of our approach by analyzing Small-
Bank and TPC-Ckv (based on TPC-C) showing that we can identify
robust subsets that are larger than those identified by previous
methods. Still, neither SmallBank nor TPC-Ckv is robust against
RC when taking all transaction templates into account. We consider
ways to make transaction templates robust by promoting selective
read operations to update operations and assess the effectiveness
of this method on both benchmarks. With these (save) adaptations,
both full benchmarks become robust for RC.
(5) We experimentally demonstrate, using these two benchmarks
and a well-known and unmodified DBMS, that our approach leads
to practical performance improvements compared to when exe-
cuted under SI or serializable SI, and compared to other robustness
techniques for RC [5], especially under higher contention.1

Due to space constraints, proofs have been deferred to the online
available full version of this paper [47].

2 MOTIVATING EXAMPLE
The SmallBank [3] schema consists of the tables Account(Name,
CustomerID), Savings(CustomerID, Balance), and Checking(Cus-
tomerID, Balance) (key attributes are underlined). The Account
table associates customer names with IDs. The other tables contain
the balance (numeric value) of the savings and checking accounts of
customers identified by their ID. The application code interacts with
the database via the following transaction programs: Balance(N )
returns the total balance (savings and checking) for a customer with
name N . DepositChecking(N ,V ) makes a deposit of amount V in
the checking account of the customer with name N (see Figure 1).
1In the absence of contention, the three techniques – all sharing a common MVCC
code base in the DBMS we use for experimentation – essentially perform the same
instructions and no improvements can be expected.
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TransactSavings(N ,V ) makes a deposit or withdrawalV on the sav-
ings account of the customer with name N . Amalgamate(N1,N2)
transfers all the funds from customer N1 to customer N2. Finally,
WriteCheck(N ,V ) writes a check V against the account of the cus-
tomer with name N , penalizing if overdrawing.
Formalisation of transactions templates. Figure 2 displays the
transaction templates for SmallBank. A transaction template con-
sists of a sequence of read, write, and update operations to a tuple X
in a specific relation. For instance, R[X : Account{N, C}}] indicates
that a read operation is performed to a tuple in relation Account
on the attributes Name and CustomerID. We abbreviate the names
of attributes by their first letter to save space. The set {N ,C} is the
read set of the read operation. Similarly, W and U refer to write and
update operations to tuples of a specific relation. Write operations
have an associated write set while update operations contain a read
set followed by a write set: e.g., U[Z : DepositChecking{C, B}{B}}]
first reads the CustomerID and Balance of tuple Z and then writes
to the attribute Balance. All R-, W- and U-operations always access
exactly one tuple. A U-operation is an atomic update that first
reads the tuple and then writes to it. Templates serve as abstrac-
tions of transaction programs and represent an infinite number
of possible workloads. For instance, disregarding attribute sets,
{R[t]R[v]R[q]U [q],R[t′]R[v′]R[q′]U [q′],R[t]U [q]} is a workload
consistent with the SmallBank templates as it contains two instan-
tiations of WriteCheck and one instantiation of DepositChecking;
{R[t]R[v]R[q]U [q′]} with q ≠ q′ is not a valid workload as the two
final operations in WriteCheck should be on the same object as re-
quired by the formalization. Typed variables effectively enforce do-
main constraints as we assume that variables that range over tuples
of different relations can never be instantiated by the same value.
For instance, in the transaction template for DepositChecking in
Figure 2, X and Z can not be interpreted to be the same object.
Detecting more robust subsets. Figure 3 gives an overview of the
maximal robust subsets that are detected using our methods for
the SmallBank and TPC-Ckv benchmarks (TPC-Ckv is discussed
in Section 7 and the templates are given in Figure 6). Transaction
templates are presented in abbreviated form (e.g., Bal refers to Bal-
ance). To assess the effect of the different features of our abstraction,
we consider different settings: ‘Only R & W’ is the setting where
updates are modeled through a read followed by a write and where
read and write sets always specify the whole set of attributes (that
is, conflicts are considered on the level of entire tuples). This setting
can be seen to correspond to the one of [5] that only reports the
set {Balance} as robust against RC.

The setting ‘Atomic Updates’ is the extension that models up-
dates explicitly as atomic updates and already allows to detect
relatively large robust sets compared to the ‘Only R & W’ setting.
Indeed, for SmallBank {Am,DC,TS} is a robust subset indicating that
any schedule using any number of instantiations of just these three
templates that satisfies RC is serializable! Also for TPC-Ckv larger
robust subsets are detected.

Finally, ‘Attr conflicts’ no longer requires read and write sets
to specify all attributes (that is, conflicts are specified on the level
of attributes). To illustrate its importance, consider the operations
R[X : Warehouse{W, Inf}] and U[X : Warehouse{W, YTD}{YTD}]
coming from templates NewOrder and Payment, respectively, in
the TPC-Ckv benchmark as given in Figure 6. An instantiation of

these template mapping X in both operations to the same tuple t,
does not result in a conflict as the read set of the former is disjoint
from the write set of the latter. However, considering conflicts on
the granularity of tuples, that is, read and write sets refer to all
attributes, does result in a conflict. This difference in granularity
has a profound effect for TPC-Ckv as can be seen in the last row of
Figure 3: a robust subset of four templates (out of five!) is found:
{Del,Pay,NO,SL}. For SmallBank there is no improvement as tuple
conflicts always imply attribute conflicts for this benchmark as
all attribute conflicts are based on the same Balance attributes in
Savings and Checking. We explain in Section 8 how robustness
on attribute-level conflicts implies robustness on systems whose
concurrency control subsystem works at the granularity of tuples.

We do not claim that all features in our abstraction are novel.
The novelty lies in their combination to push the frontier of the
robustness problem for RC. Indeed, Figure 3 clearly shows thatwhen
taken together in an explicit formalisation, larger sets of transaction
workloads can be safely determined to be robust. This is relevant
since robust workloads can be executed under RC at increased
throughput compared to SI or serializable SI (see Section 9.2).

Earlier work on robustness against RC [5] based on counterflow
dependencies did not consider atomic updates or attribute-level
conflicts, but can be extended to these settings. The robust subsets
that are detected by these extension are given in Figure 4. A compar-
ison with Figure 3 reveals that although larger subsets are detected,
our analysis still detects more and even larger robust subsets for
both benchmarks, under both ‘Atomic Updates’ and ‘Attr conflicts’.

3 RELATEDWORK

Static robustness checking on the application level. Previous
work on static robustness testing [5, 22] for transaction programs
is based on the following key insight: when a schedule is not serial-
izable, then the dependency graph constructed from that schedule
contains a cycle satisfying a condition specific to the isolation level
at hand: dangerous structure for SI and the presence of a counter-
flow edge for RC. This is extended to a workload of transaction
programs via a so-called static dependency graph, where each pro-
gram is represented by a node, and there is a conflict edge from one
program to another if there can be a schedule that gives rise to that
conflict. The absence of a cycle satisfying the condition specific to
that isolation level guarantees robustness, while the presence of
a cycle does not necessarily imply non-robustness. We provide a
formal approach to static robustness testing by making underlying
assumptions more explicit within the formalism of transaction tem-
plates and obtain a decision procedure that is sound and complete
for robustness testing against RC, allowing to detect larger subsets of
transactions to be robust as exemplified in Section 2.

Other work studies robustness within a framework for uniformly
specifying different isolation levels in a declarative way [10, 13, 14].
A key assumption here is atomic visibility requiring that either
all or none of the updates of each transaction are visible to other
transactions. This aims at higher isolation levels and cannot be used
for RC, as RC does not admit atomic visibility.

Executing a non-robust workload under a lower isolation level
usually increases throughput at the cost of increasing the number
of anomalies. To better quantify this tradeoff for a given workload,
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DepositChecking(N,V):
SELECT CustomerId INTO :X FROM Account WHERE Name=:N;
UPDATE Checking SET Balance = Balance+:V
WHERE CustomerId=:X;

COMMIT;

Figure 1: SQL code for DepositChecking.
Balance:

R[X : Account{N, C}]
R[Y : Savings{C, B}]
R[Z : Checking{C, B}]

DepositChecking:
R[X : Account{N, C}]
U[Z : Checking{C, B}{B}]

TransactSavings:
R[X : Account{N, C}]
U[Y : Savings{C, B}{B}]

Amalgamate:
R[X1 : Account{N, C}]
R[X2 : Account{N, C}]
U[Y1 : Savings{C, B}{B}]
U[Z1 : Checking{C, B}{B}]
U[Z2 : Checking{C, B}{B}]

WriteCheck:
R[X : Account{N, C}]
R[Y : Savings{C, B}]
R[Z : Checking{C, B}]
U[Z : Checking{C, B}{B}]

Figure 2: Transaction templates for SmallBank.

SmallBank TPC-Ckv
Only R & W {Bal} {OS, SL}
Atomic Updates {Am,DC,TS}, {Del,Pay,SL}, {NO, SL},

{Bal,DC}, {Bal,TS} {Pay, OS, SL}
Attr conflicts {Am,DC,TS}, {Del,Pay,NO,SL},

{Bal,DC}, {Bal,TS} {Pay, OS, SL}

Figure 3: Robust subsets by analysis setting.

SmallBank TPC-Ckv
Only R & W {Bal} {OS, SL}
Atomic Updates {Am,DC,TS}, {Bal} {Del,Pay,SL}, {NO}, {OS,SL}
Attr conflicts {Am,DC,TS}, {Bal} {Del,Pay,SL}, {Del,Pay,NO}

{OS,SL}

Figure 4: Detection of robust subsets based on counterflow
dependencies [5] extended to updates and attribute level
conflicts as introduced in this paper.

Fekete et al. [23] presented a probabilistic model that predicts the
rate of integrity violations depending on specific workload config-
urations. This line of work is orthogonal to robustness, as a robust
workload will increase throughput without introducing anomalies.

Transaction chopping splits transactions into smaller pieces to
obtain performance benefits and is correct if, for every serializable
execution of the chopping, there exists an equivalent serializable
execution of the original transactions [42]. Cerone et al. [14, 15]
studied chopping under various isolation levels. Transaction chop-
ping has no direct relationship with robustness testing against RC.
Making transactions robust. When a workload is not robust
against an isolation level, robustness can be achieved by modi-
fying the transaction programs [2–5, 22], using an external lock
manager [2, 5, 6], allocating some programs to higher isolation
levels [4, 21], or even a combination of these techniques [2].

For SI, two code modification techniques to remove dangerous
structures from the static dependency graph have been studied [2–
4, 6, 22]: materialization and promotion. The materialization tech-
nique materializes conflicts between two potentially concurrent
transactions by adding a new tuple to the database symbolizing
this conflict and a write to this tuple is added to both transactions
enforcing them to be non-concurrent. Alternatively, an external

lock manager can be used [6]. The promotion technique promotes
a read operation by adding an identity write to the same object.
On some DBMS’s, promotion can be implemented by changing the
SELECT statement to SELECT ... FOR UPDATE. An alternative to
code modification techniques is to allocate some transactions to
S2PL instead of SI [21]. Alomari [2] considered a refinement that
adds an additional write to each transaction running under S2PL.

For RC, Alomari and Fekete [5] consider lock materialization
to avoid counterflow dependencies using two approaches: (1) in-
database, by adding a write on a newly introduced tuple at the start
of each transaction; and, (2) introducing an external lock manager
outside of the database that application programs need to access. In
contrast,we employ a codemodification technique based on promotion
as for SI changing certain read operations to updates. We provide a
comparison in Section 9.3.

Many approaches to increase transaction throughput have been
proposed: improved or novel pessimistic (cf., e.g., [27, 37, 39, 45, 48])
or optimistic (cf., e.g., [11, 12, 17, 18, 25, 26, 28, 30–32, 34, 40, 41,
49, 50]) algorithms, as well as approaches based on coordination
avoidance (cf., e.g., [19, 20, 33, 36, 38, 43, 44]).We do not compare to
these as our focus lies on a technique that can be applied to standard
DBMS’s without any modifications to the database internals.

4 DEFINITIONS

Databases. A relational schema is a set Rels of relation names, and
for each R ∈ Rels, Attr(R) is the finite set of associated attribute
names. For every relation R ∈ Rels, we fix an infinite setTuplesR of
abstract objects called tuples.We assume thatTuplesR∩TuplesS =
∅ for all R, S ∈ Rels with R ≠ S . We then denote by Tuples the
set

⋃︁
R∈Rels TuplesR of all possible tuples. By definition, for every

t ∈ Tuples there is a unique relation R ∈ Rels such that t ∈

TuplesR . In that case, we say that t is of type R and denote the
latter by type(t) = R. A database D over schema Rels assigns to
every relation name R ∈ Rels a finite set RD ⊂ TuplesR .

Transactions and Schedules. For a tuple t ∈ Tuples, we distin-
guish three operations R[t], W[t], and U[t] on t, denoting that tuple
t is read, written, or updated, respectively. We say that the opera-
tion is on the tuple t. The operation U[t] is an atomic update and
should be viewed as an atomic sequence of a read of t followed by a
write to t. We will use the following terminology: a read operation
is an R[t] or a U[t], and a write operation is a W[t] or a U[t]. Fur-
thermore, an R-operation is an R[t], a W-operation is a W[t], and a
U-operation is a U[t]. We also assume a special commit operation de-
noted C. To every operation o on a tuple of type R, we associate the
set of attributes ReadSet(o) ⊆ Attr(R) and WriteSet(o) ⊆ Attr(R)
containing, respectively, the set of attributes that o reads from and
writes to. When o is a R-operation then WriteSet(o) = ∅. Similarly,
when o is a W-operation then ReadSet(o) = ∅.

A transaction T is a sequence of read and write operations fol-
lowed by a commit. Formally, we model a transaction as a linear
order (T, ≤T ), where T is the set of (read, write and commit) opera-
tions occurring in the transaction and ≤T encodes the ordering of
the operations. As usual, we use <T to denote the strict ordering.

When considering a set T of transactions, we assume that every
transaction in the set has a unique id i and write Ti to make this id
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explicit. Similarly, to distinguish the operations of different trans-
actions, we add this id as a subscript to the operation. That is, we
write Wi [t], Ri [t], and Ui [t] to denote a W[t], R[t], and U[t] occur-
ring in transaction Ti ; similarly Ci denotes the commit operation
in transaction Ti . This convention is consistent with the literature
(see, e.g. [9, 21]). To avoid ambiguity of notation, we assume that a
transaction performs at most one write, one read, and one update
per tuple. The latter is a common assumption (see, e.g. [21]). All
our results carry over to the more general setting in which multiple
writes and reads per tuple are allowed.

A (multiversion) schedule s over a set T of transactions is a tuple
(Os , ≤s ,≪s ,vs ) where Os is the set containing all operations of
transactions in T as well as a special operation op0 conceptually
writing the initial versions of all existing tuples, ≤s encodes the
ordering of these operations, ≪s is a version order providing for
each tuple t a total order over all write operations on t occurring
in s , and vs is a version function mapping each read operation a in
s to either op0 or to a write operation different from a in s (recall
that a write operation is either a W[x] or a U[x]). We require that
op0 ≤s a for every operation a ∈ Os , op0 ≪s a for every write
operation a ∈ Os , and that a <T b implies a <s b for every T ∈ T

and every a,b ∈ T. We furthermore require that for every read
operation a, vs (a) <s a and, if vs (a) ≠ op0, then the operation
vs (a) is on the same tuple as a. Intuitively, op0 indicates the start
of the schedule, the order of operations in s is consistent with the
order of operations in every transaction T ∈ T , and the version
function maps each read operation a to the operation that wrote
the version observed by a. Ifvs (a) is op0, then a observes the initial
version of this tuple. The version order ≪s represents the order
in which different versions of a tuple are installed in the database.
For a pair of write operations on the same tuple, this version order
does not necessarily coincide with ≤s . For example, under RC the
version order is based on the commit order instead.

A schedule s is a single version schedule if ≪s coincides with ≤s
and every read operation always reads the last written version of
the tuple. Formally, for each pair of write operations a and b on the
same tuple, a ≪s b iff a <s b, and for every read operation a there is
no write operation c on the same tuple as a withvs (a) <s c <s a. A
single version schedule over a set of transactions T is single version
serial if its transactions are not interleaved with operations from
other transactions. That is, for every a,b, c ∈ Os with a <s b <s c
and a, c ∈ T implies b ∈ T for every T ∈ T .
Conflict Serializability. Let aj and bi be two operations on the
same tuple from different transactions Tj and Ti in a set of transac-
tions T . We then say that aj is conflicting with bi if:
• (ww-conflict)WriteSet(aj ) ∩WriteSet(bi ) ≠ ∅; or,
• (wr-conflict) WriteSet(aj ) ∩ ReadSet(bi ) ≠ ∅; or,
• (rw-conflict) ReadSet(aj ) ∩WriteSet(bi ) ≠ ∅.
In this case, we also say that aj and bi are conflicting opera-

tions. Furthermore, commit operations and the special operation
op0 never conflict with any other operation.When aj andbi are con-
flicting operations in T , we say that aj depends on bi in a schedule
s over T , denoted bi →s aj if:2

• (ww-dependency) bi is ww-conflicting with aj and bi ≪s aj ; or,
2Throughout the paper, we adopt the following convention: a b operation can be
understood as a ‘before’ while an a can be interpreted as an ‘after’.

• (wr-dependency) bi is wr-conflicting with aj and bi = vs (aj ) or
bi ≪s vs (aj ); or,

• (rw-antidependency) bi is rw-conflicting with aj and vs (bi ) ≪s
aj .
Intuitively, a ww-dependency from bi to aj implies that aj writes

a version of a tuple that is installed after the version written by
bi . A wr-dependency from bi to aj implies that bi either writes
the version observed by aj , or it writes a version that is installed
before the version observed by aj . A rw-antidependency from bi
to aj implies that bi observes a version installed before the version
written by aj .

Two schedules s and s ′ are conflict equivalent if they are over
the same set T of transactions and for every pair of conflicting
operations aj and bi , bi →s aj iff bi →s ′ aj .

Definition 1. A schedule s is conflict serializable if it is conflict
equivalent to a single version serial schedule.

A conflict graphCG(s) for schedule s over a set of transactions T
is the graph whose nodes are the transactions in T and where there
is an edge from Ti to Tj if Ti has an operation bi that conflicts with
an operation aj in Tj and bi →s aj . The following is immediate
from [35]:

Theorem 2. A schedule s is conflict serializable iff the conflict
graph for s is acyclic.

Our formalisation of transactions and conflict serializability is
based on [21], generalized to operations over attributes of tuples
and extended with U-operations that combine R- and W-operations
into one atomic operation. These definitions are closely related to
the formalization presented by Adya et al. [1], but we assume a
total rather than a partial order over the operations in a schedule.
Multiversion Read Committed. Let s be a schedule for a set
T of transactions. Then, s exhibits a dirty write iff there are two
ww-conflicting operations aj and bi in s on the same tuple t with
aj ∈ Tj , bi ∈ Ti and Tj ≠ Ti such that

bi <s aj <s Ci .

That is, transactionTj writes to an attribute of a tuple that has been
modified earlier by Ti , but Ti has not yet issued a commit.

For a schedule s , the version order≪s corresponds to the commit
order in s if for every pair of write operations aj ∈ Tj and bi ∈ Ti ,
bi ≪s aj iff Ci <s aj .We say that a schedule s is read-last-committed
(RLC) if ≪s corresponds to the commit order and for every read
operation aj in s on some tuple t the following holds:
• vs (aj ) = op0 or Ci <s aj with vs (aj ) ∈ Ti ; and
• there is no write3 operation ck ∈ Tk on t with Ck <s aj and
vs (aj )≪sck .

That is, aj observes the most recent version of t (according to the
order of commits) that is committed before aj . Note in particular
that a schedule cannot exhibit dirty reads, defined in the traditional
way [9], if it is read-last-committed.

Definition 3. A schedule is allowed under isolation level read
committed (RC) if it is read-last-committed and does not exhibit dirty
writes.
3Recall that a write operation is either a W or a U-operation.
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T1
T2
T3
T4

b1 a1

b2 a2

a3 b3

a4 b4

Figure 5: Multiversion split schedule for four transactions.

Robustness. The robustness property [10] (also called acceptability
in [21, 22]) guarantees serializability for all schedules of a given set
of transactions for a given isolation level.

Definition 4 (Robustness). A set T of transactions is robust
against RC if every schedule for T that is allowed under RC is conflict
serializable.

It is beneficial to model operations on the granularity of the
attributes that are read or written.

Example 5. Consider transactions T1 : R1[t{a, b, c}] W1[v{a}] C1
and T2 : R2[v{b}] W2[t{a, b, d}] C2. Here, for example, R1[t{a, b, c}]
is shorthand for operation R1[t] with read set {a,b, c}. The two op-
erations on v are in conflict if the concurrency control system of the
DBMS works with tuple-level objects, but are not conflicting on the
level of attributes. The workload is not robust on the tuple-level, as
witnessed by the following schedule that is not (tuple-)conflict equiv-
alent to a serial schedule s : R1[t{a, b, c}] R2[v{b}] W2[t{a, b, d}] C2
W1[v{a}] C1. However, these two transactions are robust against RC at
attribute-level granularity.4 The order of the two operations on tuple
t determines the order of the transactions in a conflict equivalent
single version serial schedule. For example, the schedule s is conflict
equivalent to the serial schedule T1 ·T2. So, modeling conflicts on the
level of attributes allows to identify more workloads as robust. □

5 ROBUSTNESS FOR TRANSACTIONS
Before introducing our formalisation for transaction templates in
the next section, we start by studying the robustness problem for
transactions. The results of the present section serve as a building
block for our robustness algorithm for transaction templates.

A naive way to decide the robustness property for a set of trans-
actions is to iterate over all possible schedules allowed under RC
and verify that none violates conflict serializability. We show in the
present section that only schedules with a very particular structure
have to be considered which form the basis of a tractable decision
procedure. We call these schedules multiversion split schedules.

In the next definition, we represent conflicting operations from
transactions in a set T as quadruples (Ti ,bi ,aj ,Tj ) with bi and aj
conflicting operations, andTi andTj their respective transactions in
T . We call these quadruples conflict quadruples for T . Further, for
an operationb ∈ T, we denote by prefixb (T) the restriction ofT to all
operations that are before or equal to b according to ≤T . Similarly,
we denote by postfixb (T) the restriction of T to all operations that
are strictly after b according to ≤T . Throughout the paper, we
interchangeably consider transactions both as linear orders as well
as sequences. Therefore, T is then equal to the sequence prefixb (T)

4This is under the reasonable assumption that a database system can read and/or
update all attributes of a tuple in one atomic step.

followed by postfixb (T)which we denote by prefixb (T) ·postfixb (T)
for every b ∈ T .

Definition 6 (Multiversion split schedule). Let T be a set
of transactions and C = (T1,b1,a2,T2), (T2,b2,a3,T3), . . . , (Tm,bm,
a1,T1) a sequence of conflict quadruples for T s.t. each transaction
in T occurs in at most two quadruples. A multiversion split schedule
for T based on C is a multiversion schedule that has the form

prefixb1 (T1) ·T2 · . . . ·Tm · postfixb1 (T1) ·Tm+1 · . . . ·Tn,

where

(1) there is no write operation in prefixb1 (T1) ww-conflicting with a
write operation in any of the transactions T2, . . . ,Tm ;

(2) b1 <T1 a1 or bm is rw-conflicting with a1; and,
(3) b1 is rw-conflicting with a2.

Furthermore, Tm+1, . . . ,Tn are the remaining transactions in T

(those not mentioned in C) in an arbitrary order.

Figure 5 depicts a schematic multiversion split schedule. The
name stems from the fact that the schedule is obtained by splitting
one transaction in two (T1 at operation b1 in Figure 5) and placing
all other transactions in C in between. The figure does not display
the trailing transactions Tm+1,Tm+2, . . . and assumes b1 <T1 a1.
Intuitively, Condition (1) guarantees that s is allowed under RC,
while Condition (2) and (3) ensure that C corresponds to a cycle in
CG(s).

The following theorem characterizes non-robustness in terms
of the existence of a multiversion split schedule. The proof shows
that for any counterexample schedule allowed under RC, a coun-
terexample schedule can be constructed that is a multiversion split
schedule, and that, conversely, any multiversion split schedule s
gives rise to a cycle in the conflict-graph CG(s).

Theorem 7. For a set of transactions T , this is equivalent:

(1) T is not robust against RC;
(2) there is a multiversion split schedule s for T based on some C .

The above characterization for robustness against RC leads to
a polynomial time algorithm that cycles through all possible split
schedules. For this, we need to introduce the following notion. For
a transaction T1, an operation b1 ∈ T1 and a set of transactions
T with T1 ∉ T , define prefix-conflict-free-graph(b1,T1,T) as the
graph containing as nodes all transactions in T that do not contain
a ww-conflict with an operation in prefixb1 (T1). Furthermore, there
is an edge between two transactionsTi andTj ifTi has an operation
that conflicts with an operation in Tj .

Theorem 8. Algorithm 1 decides whether a set of transactions T
is robust against RC in time O(max{k .|T |3,k3.ℓ}), with k the total
number of operations in T and ℓ the maximum number of operations
in a transaction in T .

6 TRANSACTION TEMPLATES
Transaction templates are transactions where operations are de-
fined over typed variables. Types of variables are relation names in
Rels and indicate that variables can only be instantiated by tuples
from the respective type.
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Algorithm 1: Deciding transaction robustness against RC.
Input : Set of transactions T
Output : True iff T is robust against RC

for T1 ∈ T do
for b1 a read operation in T1 do

G := prefix-conflict-free-graph(b1,T1,T \ {T1});
TC := reflexive-transitive-closure of G;
for (T2,Tm ) in TC do

for a1 ∈ T1, a2 ∈ T2, bm ∈ Tm do
if a1 conflicts with bm and b1 is
rw-conflicting with a2 and (b1 <T1 a1 or
bm is rw-conflicting with a1 ) then

return False
return True

We fix an infinite set of variablesVar that is disjoint fromTuples.
Every variable X ∈ Var has an associated relation name in Rels as
type that we denote by type(X).

Definition 9. A transaction template τ is a transaction over Var.
In addition, for every operation o in τ over a variable X, ReadSet(o) ⊆
Attr(type(X)) and WriteSet(o) ⊆ Attr(type(X)).

Notice that operations in transaction templates are defined over
typed variables whereas they are over Tuples in transactions. In-
deed, the transaction template for Balance in Figure 2 contains
a read operation o = R[X : Account{N, C}]. As explained in Sec-
tion 2, the notation X : Account{N ,C} is a shorthand for type(X) =
Account and ReadSet(o) = {N ,C}.

Recall that we denote variables by capital letters X, Y, Z and tuples
by small letters t, v. A variable assignment µ is a mapping from Var
to Tuples such that µ(X) ∈ Tuplestype(X). By µ(τ), we denote the
transaction obtained by replacing each variable X in τ with µ(X).
A variable assignment for a database D maps every variable to a
tuple occurring in a relation in D.

A set of transactions T is consistent with a set of transaction
templates P and database D, if for every transaction T in T there
is a transaction template τ ∈ P and a variable assignment µT for D
such that µT (τ ) = T.

Let P be a set of transaction templates andD be a database. Then,
P is robust against RC over D if for every set of transactions T that
is consistent with P and D, it holds that T is robust against RC.

Definition 10 (Robustness). A set of transaction templates P
is robust against RC if P is robust against RC for every database D.

Example 11. Consider the databaseD over the SmallBank schema:
AccountD = {a1,a2}; SavingsD = {s1, s2}; and CheckingD = {c1,
c2}. For simplicity, we ignore read and write sets. Let T1 = {R[a1]
R[s1]R[c1], R[a1]R[a2]U[s1]U[c1]U[c2]}. Then T1 is consistent with
the SmallBank transaction templates and D as witnessed by the trans-
action templates Balance and Amalgamate, and the variable assign-
ments µ1 = {X → a1, Y → s1, Z → c1} and µ2 = {X1 → a1, X2 →

a2, Y1 → s1, Y2 → s2, Z2 → c2}. The set {Balance,Amalgamate} is
not robust against RC, witnessed byD and T1. Indeed, we can construct
a multiversion split schedule over T1:
T1 : R1[a1] R1[s1] R1[c1] C1
T2 : R2[a1]R2[a2]U2[s1]U2[c1]U2[c2]C2 □

7 ROBUSTNESS FOR TEMPLATES
Algorithm 1 cannot be applied directly to test robustness for trans-
action templates as there are infinitely many sets of transactions
T consistent with a given set of transaction templates P. We use
a different approach that resembles Algorithm 1 but that operates
directly over transaction templates.

Central to the proposed algorithm (Algorithm 2) is a generaliza-
tion of conflicting operations: For transaction templates τi and τj
in P, we say that an operation oi ∈ τi is potentially conflicting with
an operation oj ∈ τj if oi and oj are operations over a variable of
the same type, and at least one of the following holds:

• WriteSet(oi ) ∩WriteSet(oj ) ≠ ∅ (potentially ww-conflicting);
• WriteSet(oi ) ∩ ReadSet(oj ) ≠ ∅ (potentially wr-conflicting); or
• ReadSet(oi ) ∩WriteSet(oj ) ≠ ∅ (potentially rw-conflicting).

Intuitively, potentially conflicting operations lead to conflicting
operations when the variables of these operations are mapped to
the same tuple by a variable assignment. Analogously to conflict-
ing quadruples over a set of transactions as in Definition 6, we
consider potentially conflicting quadruples (τi ,oi ,pj , τj ) over a set
of transaction templates P with τi , τj ∈ P, and oi ∈ τi an op-
eration that is potentially conflicting with an operation pj ∈ τj .
A sequence of potentially conflicting quadruples D = (τ1,o1,p2,
τ2), . . . , (τm,om,p1, τ1) over P (in which multiple occurrences of
the same transaction template are allowed) induces a sequence of
conflicting quadruples C = (T1,b1,a2,T2), . . . , (Tm,bm,a1,T1) by
applying a variable mapping µi to each τi in D. We call such a set
of variable mappings simply a variable mapping for D, denoted µ̄,
and write µ̄(D) = C .

A basic insight is the following: if there is a multiversion split
schedule s for some C over a set of transactions T consistent with
P and a database D with the properties of Definition 6, then there
is a sequence of potentially conflicting quadruples D such that
µ̄(D) = C for some µ̄. The approach followed in Algorithm 2 is
then to enumerate sequences D together with mappings µ̄ in search
of µ̄(D) for which the conditions of Definition 6 are satisfied. If a
counterexample exists, Algorithm 2 needs at most three tuples per
type to construct a counterexample. We encode this choice for each
variable by assigning the numbers 1 to 3 to specific operations.

To cycle through all possible sequences D, Algorithm 2 iterates
over the possible split transaction templates τ1 ∈ P and its pos-
sible operations o1,p1 ∈ τ1, and relies on a graph referred to as
pt-prefix-conflict-free-graph(o1,p1,h, τ1,P). Here, h ∈ {1, 2} sig-
nals that the prefix and suffix of the split of τ1 use the same tuple
of each type when h = 1 and that the suffix uses the second tuple
of each type when h = 2. The graph has as nodes the quadruples
(τ ,o, i, j) with τ ∈ P, o ∈ τ , i ∈ {1, 2, 3} and j ∈ {in, out}. Here,
i ∈ {1, 2, 3} encodes the tuple assigned to o in τ . There will be two
types of edges: (1) inner edges (τ ,o, i, in) → (τ ,p, i ′, out) that stay
within the same transaction τ and indicate how the chosen tuple
version changes (or stays the same) from ci for o to ci′ for p; and
(2) outer edges (τ ,o, i, out) → (τ ′,p, i ′, in) between different occur-
rences of transaction templates encoding a potentially conflicting
quadruple (τ ,o,p, τ ′) and maintaining information on the chosen
tuple as well.

More formally, a quadruple node (τ ,o, i, j) in the graph satisfies
the following properties:
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Algorithm 2: Deciding template robustness against RC.
Input : Set of transaction templates P
Output : True iff P is robust against RC

for τ1 ∈ P do
for o1 an operation in τ1, (p1, i) ∈ τ1 × {1, 2} do

G := pt-prefix-conflict-free-graph(o1,p1, i, τ1,P);
TC := transitive-closure of G;
for τ2, τm in P do

for p2 ∈ τ2, om ∈ τm do
if p1 is potentially conflicting with om and o1
is potentially rw-conflicting with p2 and
(o1 <τ1 p1 or om is potentially
rw-conflicting with p1) and
⟨(τ2,p2, 1, in), (τm,om, i, out)⟩ in TC then

return False
return True

(a) i = 1 implies that there is no operation o′1 ∈ prefixo1 (τ1) over
the same variable as o1 in τ1 s.t. o′1 is potentially ww-conflicting
with an operation over the same variable as o in τ .

(b) i = h implies that there is no operation o′1 ∈ prefixo1 (τ1) over
the same variable as p1 in τ1 s.t. o′1 is potentially ww-conflicting
with an operation over the same variable as o in τ .

Conditions (a) and (b) on the nodes ensure that condition (1) of
Definition 6 is always guaranteed for all possible variable mappings
that are consistent with the particular choice of tuples. Furthermore,
two nodes (τ ,o, i, j) and (τ ′,o′, i ′, j ′) are connected by a directed
edge if either

(†) τ = τ ′, j = in, j ′ = out, and if o and o′ are over the same variable
in τ , then i = i ′ (i.e., remain within the same transaction and
change the chosen tuple version only when o and o′ are not over
the same variable); or,

(‡) j = out, j ′ = in, i = i ′ and o and o′ are potentially conflicting
(i.e., the analogy of b and a for consecutive transactions in a split
schedule, but here defined for transaction templates).

Theorem 12. Algorithm 2 decides whether a set of transaction
templates P is robust against RC in time O(k4.ℓ) with k the total
number of operations in P and ℓ the maximum number of operations
in transactions of P.

8 DETECTING ROBUST SETS
As every subset of a robust set of templates is robust as well, max-
imal robust subsets of a workload P can be detected by running
Algorithm 2 first on P itself and if necessary on smaller subsets.
Even though there are exponentially many possible subsets, P is
expected to be small and robustness tests can be performed in a
static and offline analysis phase.

Algorithm 2 allows for a complete characterization of robust-
ness at attribute-level granularity. We discuss the ramifications
of using these results with a DBMS whose concurrency control

subsystem works at the granularity of tuples. In this case, an RC im-
plementation isolates more strongly than actually needed to assure
serializability on workloads our techniques identify as robust.5

There are two ways to employ our decision procedures in this
case. The first is to simply coarsen the workload model to the tuple-
level by setting, for each operation, the read and write sets to all
the attributes of the tuple. In this way, our algorithms give a correct
and complete answer at tuple-level granularity. As discussed in
Section 2, the row ‘Atomic updates’ in Figure 3 indicates which
sets are robust under this method for SmallBank and TPC-Ckv and,
how this improves over considering only reads and writes.

The second approach is to simply work with the attribute-level
model and accept that the DBMS is more conservative than neces-
sary. When our algorithm determines a workload to be robust, that
workload will still be robust on systems that assure RC with tuple-
level database objects, for the simple reason that every conflict on
the granularity of attributes implies a conflict on the granularity
of tuples. As a result, every schedule that can be created by these
systems is allowed under our definition of RC. However, when our
algorithm determines a workload not to be robust, they may be
too conservative: they might do so by identifying a complete set of
counterexample schedules, none of which may actually be allowed
under RC at the granularity of tuples. Thus, our attribute-level algo-
rithm technically provides only a sufficient rather than a complete
condition for robustness on such systems. The second technique nev-
ertheless strictly dominates the first on SmallBank and TPC-Ckv
(as can be seen in the row ‘Attr conflicts’ in Figure 3), even when
the DBMS works with tuple-level objects. It detects all the robust
cases of the former approach, plus potentially additional ones that
can only be found by attribute-level analysis, but which still are
robust on a DBMS with tuple-level concurrency control. The latter
approach leads to a more general observation with practical value:
our algorithm provides a sufficient condition to guarantee serializ-
ability for every implementation that can only generate a subset of
the schedules allowed by RC.

9 EXPERIMENTS
We discussed the effectiveness of our approach in detecting larger
robust subsets in comparison with [5] at the end of Section 2. We
focus here on how robustness can improve transaction throughput.

9.1 Experimental Setup
9.1.1 PostgreSQL. We used PostgreSQL 12.4 as a database engine.
PostgreSQL uses multiversion concurrency control to implement
three different isolation levels: Read Committed (RC), Snapshot
isolation (SI), and Serializable Snapshot Isolation (SSI) [22].6When
reading a tuple, RC reads the last committed version before this
read operation, whereas SI and SSI see the last committed version
before the start of the transaction. All isolation levels use write
locks to avoid dirty writes. If a transaction T1 wants to update a
tuple that has been changed by a concurrent transaction T2, trans-
action T1 will wait for T2 to commit or abort, thereby releasing the

5For instance, RC in PostgreSQL acquires locks on the granularity of tuples rather
than attributes – see Section 9.1.1 for a more detailed description.
6In PostgreSQL 12.4, these three isolation levels are referred to as Read Committed,
Repeatable Read, and Serializable, respectively.
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NewOrder:
R[X : Warehouse{W, Inf}]
U[Y : District{W, D, Inf, N}{N}]

R[Z : Customer{W, D, C, Inf}]
W[S : Order{W, D O, C, Sta}]
U[T1 : Stock{W, I, Qua}{Qua}]
W[V1 : OrderLine{W, D, O, OL, I, Del, Qua}]
U[T2 : Stock{W, I, Qua}{Qua}]
W[V2 : OrderLine{W, D, O, OL, I, Del, Qua}]

Delivery:
U[S : Order{W, D, O}{Sta}]
U[V1 : OrderLine{W, D, O, OL, Del}{Del}]
U[V2 : OrderLine{W, D, O, OL, Del}{Del}]
U[Z : Customer{W, D, C, Bal}{Bal}]

OrderStatus:
R[Z : Customer{W, D, C, Inf, Bal}]
R[S : Order{W, D, O, C, Sta}]
R[V1 : OrderLine{W, D, O, OL, I, Del, Qua}]
R[V2 : OrderLine{W, D, O, OL, I, Del, Qua}]

Payment:
U[X : Warehouse{W, YTD}{YTD}]

U[Y : District{W, D, YTD}{YTD}]

U[Z : Customer{W, D, C, Bal}{Bal}]

StockLevel:
R[T : Stock{W, I, Qua}]

Figure 6: Abstraction for the TPC-Ckv transaction templates. Attribute names are abbreviated.

write lock, before proceeding. Notice that in specific cases this can
lead to deadlocks, e.g. when multiple concurrent transactions try
to update the same set of tuples. Under SI and SSI, T1 will abort
if T2 successfully committed, according to the first-updater-wins
principle. When using SSI, PostgreSQL will furthermore monitor
for possible conditions that could lead to unserializable executions,
and possibly abort transactions to preserve serializability.

The database system runs on a server with two 2.3 GHz Xeon
Gold 6140 CPUs with 18 cores each, 192 GB RAM, and a 200 GB
SSD local disk. A separate machine is used to issue the transactional
workload to the database system through a low-latency connection.
The workload is supplied via a number of concurrently running
client processes. Each client sequentially runs transactions from ran-
domly selected transaction templates through this same database
connection. When a transaction is aborted, the client immediately
retries this transaction with the same parameters, until it eventually
commits. For 60 seconds, we measure the number of transactions
that are committed and the number of aborts. Each experiment is
repeated 5 times. The graphs in this section show both the average
values, as well as 95% confidence intervals.

9.1.2 SmallBank benchmark (see Section 2). The database is popu-
lated with 18000 randomly generated accounts with corresponding
checking and savings accounts – as in earlier experiments on the
SmallBank benchmark in [3, 5]. Each client uses a uniform dis-
tribution when selecting one of the possible templates. To select
which accounts to address, we considered two approaches. The
first approach fixes a small subset of accounts, referred to as the
hotspot, and a probability for an account selected for use in a trans-
action to be from among the hotspot accounts, referred to as the
hotspot probability. Within the hotspot, each account has an equal
probability of being selected. The second approach uses a Zipfian
distribution to randomly select accounts [24].

9.1.3 TPC-Ckv benchmark. The second benchmark is based on the
TPC-C benchmark [46]. We modified the schema and templates
to turn all predicate reads into key-based accesses. The schema
consists of six relations:

• Warehouse(WarehouseID, Info, YTD),
• District(WarehouseID, DistrictID, Info, YTD, NextOrderID),
• Customer(WarehouseID, DistrictID, CustID, Info, Balance),
• Order(WarehouseID, DistrictID, OrderID, CustID, Status),
• OrderLine(WarehouseID, DistrictID, OrderID, OrderLineID,
ItemID, DeliveryInfo, Quantity), and

• Stock(WarehouseID, ItemID, Quantity).

We focus on five different transaction templates:

(1) NewOrder(W ,D,C , I1,Q1, I2,Q2, . . . ): creates a new order for the
customer identified by (W ,D,C). The id for this order is obtained
by increasing the NextOrderID attribute of the District tuple
identified by (W ,D) by one. Each order consists of a number of
items I1, I2, . . . with respectively quantities Q1,Q2, . . .. For each
of these items, a new OrderLine tuple is created and the related
stock quantity is decreased.

(2) Payment(W , D,C ,A): represents a customer identified by (W ,D,
C) paying an amountA. This payment is reflected in the database
by increasing the balance of this customer by A. This amount is
furthermore added to the YearToDate (YTD) income of both the
related warehouse and district.

(3) OrderStatus(W , D,C ,O): requests information about the current
status of the order identified by (W ,D,O). This transaction tem-
plate collects information of the customer identified by (W ,D,C)
who created the order, the order itself, and the different Order-
Line tuples related to this order.

(4) Delivery(W ,D,C ,O): delivers the order represented by (W ,D,O).
The status of the order is updated, as well as the DeliveryInfo
attribute of each OrderLine tuple related to this order. The total
price of the order is deduced from the balance of the customer
who made this order, identified by (W ,D,C).

(5) StockLevel(W , I ): returns the current stock level of item I inW .

An abstraction of each transaction template is given in Figure 6.
The experiments adhere to the requirements of the official TPC-
C benchmark [46], with a scaling factor of 25 warehouses. This
means that the database is populated with 25 warehouses, where
each warehouse is assigned 10 districts and 100000 different stock
items. Each district has 3000 customers, and each customer initially
has 10 orders. We randomly assign between 5 and 15 orderlines
per order (Figure 6 shows only two orderlines per order to sim-
plify presentation). Each client uses a uniform distribution when
selecting one of the possible templates. When generating param-
eters for each transaction, we remain consistent with the TPC-C
benchmark. That is, we use a uniform distribution to randomly pick
warehouses, districts, items within a warehouse and orders for a
customer. Customers within a district are non-uniformly selected
based on a Zipfian distribution. We consider one additional setting
where warehouses are selected according to a Zipfian distribution.

9.2 Robust workloads
In the experiments below, we show the potential performance ben-
efits of using a lower isolation level over a robust subset of the
SmallBank benchmark. The first experiment explores the influence
of the number of concurrent clients on both throughput and abort
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(a) Robust subset. (b) Complete benchmark.

Figure 7: Throughput and abort rate per number of concur-
rent clients for (a subset of) SmallBank. The hotspot consists
of 1000 accounts with a hotspot probability of 90%.

rate. For this experiment, we used a workload of three transaction
templates {DepositChecking, TransactSavings and Amalgamate},
since this workload is the largest subset of the Smallbank bench-
mark that is robust against RC. For this experiment, a hotspot size
of 1000 accounts with a hotspot probability of 90% was used. The
results of this experiment are shown in Figure 7a. When the num-
ber of clients is low, the different isolation levels result in a similar
throughput. However, if the number of concurrent clients increases,
RC clearly outperforms both SI and SSI. This is to be expected, since
the high number of concurrent clients leads to more concurrent
transactions trying to update the same tuple, and consequently
more aborts under SI and SSI due to the first-updater-wins princi-
ple. It should be noted that under RC, aborts can still occur due to
deadlocks, but these aborts are quite rare. In this experiment, the
number of aborts under RC never exceeded 0.15 aborts per second.

We next consider different levels of data skew on the dataset.
Figure 8a, Figure 8b and Figure 8c show the throughput for different
hotspot probabilities when there are respectively 1000, 100 and
10 accounts in the hotspot. Figure 8d shows the throughput for
different skew parameters when using a Zipfian distribution. When
the data skew increases, RC greatly outperforms the other two
isolation levels. However, when contention further increases, the
throughput of RC decreases drastically due to transactions waiting
for write locks to be released. In Figure 8c, the number of aborts
under RC due to detected deadlocks increases to around 33 aborts
per second when the hotspot probability is 90%.

Similar findings are obtained when considering maximal subsets
of the TPC-Ckv benchmark, for instance, {Payment, OrderStatus
and StockLevel}, that are robust against RC.

Conclusion. When a set of transaction templates is robust against
RC, choosing this lower isolation level never results in a perfor-
mance loss. This is to be expected, since SI and SSI require additional
overhead when checking for possible serialization failures that re-
quire an abort. RC greatly outperforms the other isolation levels for
settings with higher contention. Indeed, due to the first-updater-
wins principle, SI and SSI need to abort a transaction when two
concurrent transactions write to the same object. Higher contention
increases this probability, resulting in an increased abort rate.

9.3 Promoted workloads
9.3.1 Promotion. When a set of transaction templates is not ro-
bust, we propose a template modification technique based on in-
sights from Definition 6: an equivalent set of transaction templates
robust against RC can be created by promoting R-operations to
U-operations that write back the read value. Such a change does
not alter the effect of the transaction template, but the newly intro-
duced write operation will trigger concurrency mechanisms in the
database. We emphasize that this is a general technique that can
always be used to construct an equivalent robust set of templates:
Definition 6 requires that operation b1 is rw-conflicting with a1
(Condition (3)), but not ww-conflicting with a1 (Condition (1)), so
promoting all R-operations to U-operations is sufficient to guarantee
robustness against RC.

The promotion approach is inspired by a technique introduced
by Fekete et al. [22] to make a workload robust against SI. However,
in contrast to their approach, which introduces additional write
operations, we promote an existing R-operation into a U-operation.
Fortunately, it is not always necessary to promote all R-operations to
obtain robustness against RC: to find a minimal set of R-operations
to promote, we can iteratively promote R-operations to U-operations
and apply Algorithm 2 to check whether the resulting workload is
robust. We applied this technique on both SmallBank and TPC-Ckv
to guarantee robustness with a minimal number of promotions.

For SmallBank, we can obtain robustness by only promoting all R-
operations over the Checking and Savings relations to U-operations
leaving all other R-operation intact (cf. Figure 9 and notice that
only 2/5 templates are modified and in total only four reads need
to be promoted). In our experiments, we refer to this promotion as
RC+P. Furthermore, this set of promoted R-operations is minimal:
if one of the R-operations over the Checking or Savings relations
remains,the application of Algorithm 2 reveals that the resulting
set of transaction templates is not robust against RC.

For TPC-Ckv, we can obtain robustness by promoting all R-
operations over the Customer, Order and OrderLine relations in
the OrderStatus template while all other templates remain un-
changed. We refer to this promotion as RC+P(Attr). To contrast
our approach based on attribute-level conflicts with the one based
on tuple-level conflicts, we also investigate how to make TPC-
Ckv robust when the read and write sets of operations refer to
all attributes in the corresponding relations. Again we applied Al-
gorithm 2 and obtained that all R-operations on tuples over the
Warehouse-, Customer- Order- and OrderLine-relations need to be
promoted to U-operations, requiring changes in both NewOrder
and OrderStatus. We refer to this promotion as RC+P(Tup). Both
promotion strategies are again minimal, since we cannot promote
only a strict subset of these R-operations to U-operations without
losing robustness. When comparing RC+P(Attr) to RC+P(Tup), we
see that for TPC-Ckv an analysis on the granularity of tuples re-
quires strictlymore R-operations to be promoted leading to a smaller
throughput compared to RC+P(Attr) as the experiments will show.

We also compare with the Internal Concurrency Exclusion [5]
approach (referring to the latter as RC-[5]) for making workloads ro-
bust against RC extended to attribute-level conflicts. Each template
is changed by adding additional leading W-operations overwriting
tuples in a newly introduced Conflict relation such that every pair
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(a) Hotspot of 1000 accounts (b) Hotspot of 100 accounts (c) Hotspot of 10 accounts (d) Zipfian distribution

Figure 8: [Robust subset of SmallBank] Throughput and abort rate with 200 clients and different contention parameters.

Balance (RC+P):
R[X : Account{N,C}]
U[Y : Savings{C,B}{B}]
U[Z : Checking{C,B}{B}]

WriteCheck (RC+P):
R[X : Account{N,C}]
U[Y : Savings{C,B}{B}]
U[Z : Checking{C,B}{B}]
U[Z : Checking{C,B}{B}]

Balance (RC-[5]):
W[V : Conflict{N}]

R[X : Account{N,C}]
R[Y : Savings{C,B}]
R[Z : Checking{C,B}]

Figure 9: Left: allmodified templates in RC+P. Right: Exam-
ple of one template modification for RC-[5].

of instances that might produce a counterflow edge is guaranteed
to write to the same tuple in the Conflict relation. The latter is
achieved by selecting specific relations in the original benchmark
and adding a tuple to relation Conflict for each tuple in the selected
relations. Each template is then changed so that if it accesses one
of the tuples of these selected relations, it also writes to the cor-
responding tuple in relation Conflict. For SmallBank, it suffices
to select relation Account. Figure 9(right) illustrates the required
changes for template Balance. We stress that this change needs
to be done for every template. There are even two W-operations
needed at the beginning of Amalgamate, as it considers two dif-
ferent customers. For TPC-Ckv, the selected relations are Stock
(thereby requiring additional writes in templates NewOrder and
StockLevel) and Customer (thereby requiring additional writes in
templates NewOrder, Delivery, OrderStatus and Payment). We
refer to [47] for the concrete templates used for RC-[5].

We also include the performance of the unmodified templates
under RC, SI and SSI as a baseline. Recall that both SmallBank and
TPC-Ckv are not robust against RC, and SmallBank is not robust
against SI. So, to be fair, the performance of the promoted workloads
should be compared to SSI (for SmallBank) and SI (for TPC-Ckv).

9.3.2 SmallBank. Figure 7b compares the throughput for different
numbers of concurrent clients. When contention is lower due to
fewer clients, the throughput of RC+P is comparable to RC, SI and
SSI. When the number of clients increases, RC+P still outperforms
SI and SSI (and also RC-[5]), although the performance gain is less
as compared to Figure 7a.

Similarly to Figure 8, we use 200 clients to query the database
with different levels of skew, but this time with all transaction tem-
plates in the SmallBank benchmark and using promoted operations
in RC+P. Figures 10a, 10b and 10c show the throughput for different
hotspot sizes and probabilities. Figure 10d shows the throughput
when a Zipfian distribution is used instead. The experiments show

that RC+P outperforms SI, SSI, and RC-[5] when the hotspot is
smaller, the hotspot probability increases, or skew increases. The
improvements over SI and SSI result from the high number of aborts
under SI and SSI. The improvement over RC-[5] (which can be an
order of magnitude depending on the setting) can be explained
by noting that RC+P allows for more concurrency than RC-[5].
Indeed, for RC-[5], two instances of templates that access the same
customer can never be concurrent, as they both initially write to
the same tuple of type Conflict. For RC+P, some concurrency is
still possible in this case: i.e., an execution of DepositChecking
can interleave with an execution of TransactSavings over the same
customer, as the former only updates the tuple of type Checking,
whereas the latter only updates the tuple of type Savings.

Furthermore, the performance of RC+P is usually comparable to
RC. In fact, when the hotspot is small (Figure 10c), RC+P is even
able to outperform the original templates under RC due to a reduced
number of deadlocks: the abort rate for RC+P increases to around
20 aborts per second under a hotspot probability of 0.9, whereas
RC increases to around 45 aborts per second in this setting.

9.3.3 TPC-Ckv. Figure 11a and Figure 12a show the throughput
and abort rate depending on the Zipfian skew over the Customer
relation, over a dataset consisting of respectively 25 and 10 ware-
houses. Noticeably, changing the skew over the Customer relation
does not result in a significant change in throughput. The reason
for this is that the throughput bottleneck is not caused by multiple
transactions accessing the same customer, but by accessing the
same warehouse instead. This is to be expected, since the number
of warehouses in our dataset is several magnitudes smaller than
the total number of customers. We further investigate the influence
of the number of warehouses (Figure 12b), as well as a Zipfian skew
over the Warehouse relation (Figure 11b). Figure 11c investigates
the influence of different levels of contention on performance by
testing different numbers of concurrent clients.

When comparing both promotion strategies, we conclude that
RC+P(Attr) always outperforms RC+P(Tup), especially when the
number of warehouses is lowered (Figure 12b), or when a larger
Zipfian skew is used over the Warehouse relation (Figure 11b). In
these cases, it should also be noted that RC+P(Attr) clearly dom-
inates the higher isolation levels SI and SSI. For example, when
the dataset consists of 5 warehouses in Figure 12b, the through-
put of RC+P(Attr) averages around 8300 transactions per second,

2151



(a) Hotspot of 1000 accounts (b) Hotspot of 100 accounts (c) Hotspot of 10 accounts (d) Zipfian distribution

Figure 10: [SmallBank with promotion] Throughput and abort rate with 200 clients and different contention parameters.

(a) Influence of Zipfian skew on cus-
tomers; 200 concurrent clients, uni-
form distribution over warehouses.

(b) Influence of Zipfian skew over
warehouses; fixed Zipfian skew of 0.7
over customers, 200 clients.

(c) Influence of the number of clients; Zipfian skew of 0.7
over customers, uniform distribution over warehouses.

Figure 11: [TPC-Ckv with promotion] Throughput and abort rate for 25 warehouses and different contention parameters.

(a) Influence of Zipfian skew
over customerswhen the dataset
consists of 10 warehouses.

(b) Influence of the number of
warehouses with a Zipfian skew
of 0.7 over the customers.

Figure 12: [TPC-Ckv + promotion] Throughput and abort
rate; 200 clients, uniform distribution over warehouses.

contrasting the average of 4100 transactions per second for SI. Fur-
thermore, the performance loss of RC+P(Attr) compared to RC over
the original templates is always relatively small, indicating that our
approach allows to achieve serializability guarantees in exchange
for a minor performance loss.

When analyzing RC-[5], we see that its throughput relative to
the throughput of RC+P(Attr) is highly dependent on the number
of warehouses (Figure 12b), as well as the Zipfian skew over the
Warehouse relation (Figure 11b). In particular, when the number

of warehouses is lowered or the skew increased, the throughput
of RC-[5] is similar to that of RC+P(attr). If on the other hand the
number of warehouses is larger and a uniform distribution over the
Warehouse relation is used, then RC+P(Attr) clearly outperforms
RC-[5]. Consider for example the setting with 25 warehouses in
Figure 12b. Then, the average throughputs of RC+P(Attr) and RC-
[5] are respectively around 9000 and 7800 transactions per second.

9.3.4 Conclusion. Our promotion technique outperforms the iso-
lation levels SI and SSI under higher contention and guarantees
serializability under RC while requiring only a minor performance
cost compared to RC over the original templates. When comparing
to earlier work based on Internal Concurrency Exclusion [5], on
SmallBank our approach significantly outperforms RC-[5] when
contention increases (an order of magnitude in extreme cases). For
TPC-Ckv, the performance gain is similar to that of RC-[5], although
we are still able to identify cases where our technique outperforms
RC-[5] by more than 15%. Finally, comparing RC+P(Attr) versus
RC+P(Tup) for TPC-Ckv shows that promotion based on attribute-
level analysis significantly outperforms tuple-level analysis.
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