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ABSTRACT
In geo-replicated systems and the cloud, data replication
provides fault tolerance and low latency. Causal consistency
in such systems is an interesting consistency model. Most
existing works assume the data is fully replicated because
this greatly simplifies the design of the algorithms to im-
plement causal consistency. Recently, we proposed causal
consistency under partial replication because it reduces the
number of messages used under a wide range of workloads.
One drawback of partial replication is that its meta-data
tends to be relatively large when the message size is small.
In this paper, we propose approximate causal consistency
whereby we can reduce the meta-data at the cost of some
violations of causal consistency. The amount of violations
can be made arbitrarily small by controlling a tunable pa-
rameter, that we call credits.

CCS Concepts
•Networks→Network algorithms; •Computing method-
ologies → Distributed algorithms;

Keywords
causal consistency; causality; cloud computing; distributed
shared memory; partial replication

1. INTRODUCTION
In geo-replicated systems and the cloud, data replication

provides fault tolerance and low latency. However, consis-
tency of data in the face of concurrent reads and updates be-
comes an important problem when data is replicated. There
exists a range of consistency models in distributed shared
memory systems [20]: eventual consistency (the weakest),
slow memory, pipelined RAM, causal consistency, sequen-
tial consistency, and linearizability (the strongest). Each
of these consistency models represents a different trade-off
between cost and convenient semantics for the application
programmer.
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In the context of cloud computing with data centers and
geo-replicated storage, consistency models have received much
attention with product designs from industry, e.g., Amazon,
Microsoft, Google, LinkedIn, and Facebook. In the light
of the CAP Theorem [17], most systems such as Amazon’s
Dynamo [13] chose to implement eventual consistency [7].
Besides the three features (Consistency, Availability, and
Partition tolerance) of the CAP Theorem, two other desir-
able features of large-scale distributed data stores are: low
latency and high scalability [23]. Causal consistency is the
strongest form of consistency that satisfies low latency [23],
defined as the latency less than the maximum wide-area
delay between replicas. Causal consistency in distributed
shared memory systems was proposed by Ahamad et al. [1]
and later studied by several researchers [5, 6, 25, 26]. In the
past four years, causal consistency has been widely studied
[2, 3, 4, 14, 15, 21, 23, 24]. Quite importantly, all the works
assume full replication and do not consider the case of par-
tial replication. This is primarily because full replication
makes it easy to implement causal consistency and does not
have to deal with tracking dependencies between pairs of
processes.

In this paper, we focus on causal consistency under par-
tial replication for geo-replicated cloud storage. Studying
partial replication is useful because of the following reasons
[28]. (1) Recent researchers have explicitly acknowledged
that providing causal consistency under partial replication
is a big challenge. Bailis et al. [3] and Lloyd et al. [23] write:
“While weaker consistency models are often amenable to
partial replication, allowing flexibility in the number of data
centers required in causally consistent replication remains
an interesting aspect of future work.” A preliminary discus-
sion of the challenges involved is given in [12]. (2) Partial
replication is more natural for applications for which most
of the reads come from specific geographical regions only.
It is an overkill to replicate the user’s data in data centers
outside these regions, and partial replication has very small
impact on the overall latency in this scenario. (3) With p
replicas scattered across n data centers, each write operation
that would have triggered an update broadcast to the n data
centers now becomes a multicast to just p of the n data cen-
ters. This is a direct savings in the number of messages and
p is a tunable parameter. Thus, partial replication reduces
the number of messages sent with each write operation. Al-
though the read operation may incur additional messages,
the overall number of messages will still be lower than the
case of full replication if the replication factor is low and
the readers tend to read variables from the local replicas



instead of remote ones. Hadoop HDFS and MapReduce is
one such example. The HDFS framework usually chooses a
small constant number as the replication factor even for large
clusters. Moreover, the MapReduce framework tries its best
to satisfy data locality. In such a case, partial replication
generates far fewer messages than full replication. (4) For
write-intensive workloads, it follows that partial replication
gives a direct savings in the number of messages without in-
curring any delay or latency for reads. (5) Partial replication
allows a direct savings in resources for networking hardware
and storage. (6) The supposedly higher cost of tracking de-
pendency meta-data, which has deterred prior researchers
from considering partial replication, is relatively small for
applications such as Facebook, where photos, videos, and
large files are uploaded.

Recently, we proposed a causal consistency algorithm Opt-
Track under partial replication [27, 28]. The algorithm uses
a lesser number of messages for a wide range of workloads
(including those that are read-intensive) because messages
get multicast to a partial set of sites rather than being broad-
cast throughout the system on each write operation. Four
metrics were used in the complexity analysis:

• message count: count of the total number of messages
generated by the algorithm.

• message space overhead: the total size of all the mes-
sages generated by the algorithm. It can be formalized
as

∑
i(# type i messages * size of type i messages).

• time complexity: the time complexity at each site si
for performing the write and read operations.

• space complexity: the space complexity at each site si
for storing local logs.

The complexity analysis used the following parameters:

• n: the number of sites in the system

• q: the number of variables in the distributed shared
memory system

• p: the replication factor, i.e., the number of sites at
which each variable is replicated

• w: the number of write operations performed in the
distributed shared memory system

• r: the number of read operations performed in the
distributed shared memory system

The complexity of Opt-Track is summarized in Table 1.
Of the four metrics, message count is the most impor-

tant. Partial replication gives a lower message count than
full replication if

((p−1)+
n− p

n
)w+2r

(n− p)

n
< (n−1)w =⇒ w > 2

r

n− 1
.

This is equivalently stated as: partial replication has a lower
message count if the write rate (defined as wrate = w

w+r
) is

such that wrate > 2
1+n

. In addition, the Opt-Track protocol
has relatively low meta-data overheads, viz., low message
size. This is because it uses the optimization mechanisms
used for causal ordering of messages in message-passing sys-
tems [18, 19], which were shown to have low meta-data over-
heads via extensive simulations [9, 10].

Table 1: Complexity measures of Opt-Track [28].
Metric Opt-Track

Message count ((p− 1) + n−p
n

)w + 2r (n−p)
n

Message space O(n2pw + nr(n− p))
overhead amortized O(npw + r(n− p))

Time Complexity write O(n2p)
read O(n2)

Space Complexity O(max(n2, npq))
amortized O(max(n, pq))

In modern social networks, multimedia files like images
and videos (typically several KB to several MB or more)
are frequently shared. These files are much larger than the
meta-data control information piggybacked with them. Do-
ing full replication might somewhat improve the latency for
accessing these files from different locations when locality
is not exploited for the partial replication case, however it
also incurs a large overhead on the underlying system for
transmitting and storing these files across different sites.

Let f be the size of an image/data being written and let
b be the number of bytes in an integer.

Under full replication, the net message payload size for
the write multicast is (n − 1)f , and n3b for the message
meta-data overheads [5]. The read cost is zero.

Under partial replication using Opt-Track, the net mes-

sage payload size is ((p−1)+ (n−p)
n

)f for the write multicast,

and n2pb for the message meta-data overheads. The read
cost is ( r

w
)(f)(n−p

n
) because there are r

w
reads per write,

and n−p
n

of the reads fetch the file from a remote location.
Thus, partial replication has lower message size if

(n− 1)f + n2(n− 1)b >

((p− 1) +
n− p

n
)f + n2pb + ((

r

w
)(f)(

n− p

n
))

=⇒ (n− p)f [1− 1

n
− r

nw
] > n2b(p− n + 1)

The above analysis was for r reads and w writes of the
image/data.
Example:
Consider a system with n=10, p=3 and wrate = 0.5. A
message of 1000 bytes has to be stored and transmitted in
a write operation.

• With full-replication, the message takes 10KB space
locally across all data centers. The normalized cost
of the total message size for transmitting this file in
a Write operation (and subsequently reading it in the
system) is 9KB.

• With partial replication using algorithm Opt-Track,
the message takes 3KB space locally across all data
centers. The normalized cost of the total message size
for transmitting this file in a Write operation (and sub-
sequently reading it in the system), even assuming the
asymptotic case of the formula for message space over-
head, namely O(n(n − 1)pw + nr(n − p)), is approx-
imately 3KB + (10(9)(3)(1) + 10(1)(7))(# bytes for
each entry in the Write clock in Opt-Track) = 3KB +
(270 + 70)(4) = 4,360 bytes.



Contributions
For images of the size of tens of KB, the net message space
overhead is negligible and Algorithm Opt-Track shows very
good performance. However, we recognize that for some ap-
plications where the data size is very small, such as wall
posts in Facebook or Twitter, the size of the meta-data
(quadratic in n in the worst case, even for Algorithm Opt-
Track) can be a problem. This paper aims to reduce the
size of the meta-data for maintaining causal consistency in
partially replicated systems.

1. We propose the concept of approximate causal consis-
tency whereby we can reduce the meta-data at the cost
of some possible violations of causal consistency. The
amount of violations can be made arbitrarily small by
controlling a tunable parameter, which we call credits.

2. We integrate the notion of credits into the Opt-Track
algorithm, to give an algorithm Approx-Opt-Track that
can fine-tune the amount of causal consistency by trad-
ing off the size of meta-data overhead.

3. We give three instantiations of the notion of credits,
namely hop count, time-to-live, and metric distance.

Organization
Section 2 gives the system model of causally consistent mem-
ory and the underlying distributed communication system.
This section uses the model used previously in [27, 28]. Sec-
tion 3 presents the algorithm Approx-Opt-Track that imple-
ments causal consistency under partial replication. We have
integrated the notion of credits into this algorithm, and ex-
plain how it leads to approximate causal consistency. Sec-
tion 4 shows how the notion of credits can be instantiated.
Section 5 gives a discussion and concludes.

2. SYSTEM MODEL

2.1 Causally Consistent Memory
We consider a system which consists of n application pro-

cesses ap1, ap2, . . . , apn interacting through a distributed shared
memory Q composed of q variables x1, x2, . . . , xq. Each ap-
plication process api can perform either a read or a write
operation on any of the q variables. A read operation per-
formed by api on variable xj which returns value v is denoted
as ri(xj)v. Similarly, a write operation performed by api on
variable xj which writes the value u is denoted as wi(xj)u.
Each variable has an initial value ⊥.

By performing a series of read and write operations, an
application process api generates a local history hi. If a
local operation o1 precedes another operation o2, we say o1
precedes o2 under program order, denoted as o1 ≺po o2. The
set of local histories hi from all n application processes form
the global history H. Operations performed at distinct pro-
cesses can also be related using the read-from order, denoted
as ≺ro. Two operations o1 and o2 from distinct processes
api and apj respectively have the relationship o1 ≺ro o2 if
there are variable x and value v such that o1 = w(x)v and
o2 = r(x)v, meaning that read operation o2 retrieves the
value written by the write operation o1. As shown in [1],

• for any operation o2, there is at most one operation o1
such that o1 ≺ro o2;

• if o2 = r(x)v for some x and there is no operation o1
such that o1 ≺ro o2, then v =⊥, meaning that a read
with no preceding write must read the initial value.

With both the program order and read-from order, the
causality order, denoted as ≺co, can be defined on the set
of operations OH in a history H. The causality order is the
transitive closure of the union of local histories’ program
order and the read-from order. Formally, for two operations
o1 and o2 in OH , o1 ≺co o2 if and only if one of the following
conditions holds:

1. ∃api s.t. o1 ≺po o2 (program order)

2. ∃api, apj s.t. o1 and o2 are performed by api and apj
respectively, and o1 ≺ro o2 (read-from order)

3. ∃o3 ∈ OH s.t. o1 ≺co o3 and o3 ≺co o2 (transitive clo-
sure)

Essentially, the causality order defines a partial order on the
set of operations OH . For a shared memory to be causal
memory, all the write operations that can be related by the
causality order have to be seen by each application process
in the order defined by the causality order.

2.2 Underlying Distributed Communication Sys-
tem

The distributed shared memory abstraction and its causal
consistency model is implemented on top of the underlying
distributed message passing system which also consists of n
sites connected by FIFO channels, with each site si host-
ing an application process api. Since we assume a partially
replicated system, each site holds only a subset of variables
xh ∈ Q. For application process api, we denote the subset of
variables kept on the site si as Xi. If the replication factor
of the distributed shared memory system is p and the vari-
ables are evenly replicated on all the sites, then the average
size of Xi is pq

n
.

To facilitate the read and write operations in the dis-
tributed shared memory abstraction, the underlying mes-
sage passing system provides several primitives to enable the
communication between different sites. For the write opera-
tion, each time an application process api performs w(x1)v,
it invokes the Send(m) primitive to deliver the message m
containing w(x1)v to all sites that replicate the variable x1.
For the read operation, there is a possibility that an appli-
cation process api performing read operation r(x2)u needs
to read x2’s value from a remote site since x2 is not locally
replicated. In such a case, it invokes the RemoteFetch(m)
primitive to deliver the message m containing r(x2)u to a
randomly selected site replicating x2 to fetch its value u.
This is a synchronous primitive, i.e., it will block until re-
turning the variable’s value. If the variable to be read is
locally replicated, then the application process simply re-
turns the local value.

The read and write operations performed by the applica-
tion processes also generate events in the underlying message
passing system. The following is a list of events:

• Send event. The invocation of Send(m) primitive by
application process api generates event sendi(m).

• Fetch event. The invocation of RemoteFetch(m) primi-
tive by application process api generates event fetchi(f).



• Message receipt event. The receipt of a message m
at site si generates event receipti(m). The message
m can correspond to either a sendj(m) event or a
fetchj(f) event.

• Apply event. When applying the value written by the
operation wj(xh)v to variable xh’s local replica at ap-
plication process api, an event applyi(wj(xh)v) is gen-
erated.

• Remote return event. After the occurrence of event
receipti(m) corresponding to the remote read opera-
tion rj(xh)u performed by apj , an event remote returni-
(rj(xh)u) is generated which transmits xh’s value u to
site sj .

• Return event. Event returni(xh, v) corresponds to the
return of xh’s value v either fetched remotely through a
previous fetchi(f) event or read from the local replica.

Each time an update message m corresponding to a write
operation wj(xh)v is received at site si, a new thread is
spawned to check when to locally apply the update. The
condition that the update is ready to be applied locally is
called activation predicate in [5]. This predicate, A(mwj(xh)v, e),
is initially set to false and becomes true only when the up-
date mwj(xh)v can be applied after the occurrence of local
event e. The thread handling the local application of the up-
date will be blocked until the activation predicate becomes
true, at which time the thread writes value v to variable xh’s
local replica. This will generate the applyi(wj(xh)v) event
locally.

2.3 Activation Predicate
Consider the relation, →co, on send events generated in

the underlying message passing system [5]. We modify its
definition by adding condition (3) to accommodate the par-
tial replication case. Let w(x)a and w(y)b be two write op-
erations in OH . Then, for their corresponding send events in
the underlying message passing system, sendi(mw(x)a)→co

sendj(mw(y)b) iff one of the following conditions holds:

1. i = j and sendi(mw(x)a) locally precedes sendj(mw(y)b)

2. i 6= j and returnj(x, a) locally precedes sendj(mw(y)b)

3. i 6= j and applyl(w(x)a) locally precedes remote retur-
nl(rj(x)a), which precedes (as per Lamport’s → rela-
tion [22]) returnj(x, a), which locally precedes sendj-
(mw(y)b)

4. ∃sendk(mw(z)c), such that
sendi(mw(x)a)→co sendk(mw(z)c)→co sendj(mw(y)b)

The relation defined by→co is a subset of Lamport’s“hap-
pened before” relation [22], denoted by →. If two send
events are related by →co, then they are also related by
→. However, the other way is not necessarily true. Even
though sendi(mw(x)a) → sendj(mw(y)b), if there is no re-
turn event that occurred and i 6= j, these two send events are
concurrent under the →co relation. The →co relation bet-
ter represents the causality order in the distributed shared
memory abstraction as it prunes the “false causality” in the
underlying message passing system, where message receipt
events may causally relate two send events while their cor-
responding write operations in the shared memory abstrac-
tion are concurrent under the ≺co relation. (False causality

return event
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Figure 1: Illustration of causal consistency violation
if credits are exhausted.

was identified by Lamport [22] and later discussed by others
[3, 4, 8, 11, 16, 21].) In [5], the authors have shown that
sendi(mw(x)a)→co sendj(mw(y)b)⇔ w(x)a ≺co w(y)b.

The optimal activation predicate is as follows:

AOPT (mw, e) ≡6 ∃mw′ : (sendj(mw′)→co sendk(mw)

∧ applyi(w
′) 6∈ Ei|e)

where Ei|e is the set of events that happened at the site si
up until e (excluding e).

This activation predicate cleanly captures the causal mem-
ory’s requirement: a write operation shall not be seen by an
application process before any causally preceding write op-
erations. It is optimal because the moment this activation
predicate AOPT (mw, e) becomes true is the earliest instant
that the update mw can be applied.

3. ALGORITHM APPROX-OPT-TRACK
Using implicit knowledge about messages delivered and

guaranteed to be delivered in causal order, the Opt-Track
algorithm [28] automatically prunes the meta-data. In the
amortized case, the meta-data is manageable and linear in n,
rather than quadratic (See Table 1 [28]) [9, 10, 18, 19]. We
can further reduce the size of meta-data by deleting older de-
pendencies rather than carry them around and store them in
logs. With very high probability, the older the dependencies
are, the more they are likely to be immediately satisfied as
the corresponding messages are more likely to be delivered.

We introduce the notion of credits associated with each
meta-data unit of information. When a dependency is cre-
ated, it is allocated a certain number of initial credits. For
every read and write operation, we decrement the avail-
able credits by some used-up credits, and when the available
number of credits reaches zero, the dependency becomes“old
enough” and can be deleted. By setting the initial credits
to ∞, we get the original Opt-Track algorithm. By set-
ting them to a smaller finite value, we can prune meta-data
information about older dependencies by risking that those
dependencies might not be satisfied, rather than wait for the
pruning mechanisms of Opt-Track to prune them. Credits is
a parameter that lets us approximate causal consistency to
the accuracy desired.

Consider the timing diagram in Figure 1. The messages
shown indicate those sent due to Write operations to up-
date the remote replica. The causality chain induced by
Write operations corresponding to M1, M2, and M3, and
the intervening apply and return events, ends in M3 being
sent to site s1. Normally in Opt-Track, the meta-data on
M3 contains the dependency that “M is sent to s1”, and will
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Figure 2: Illustration of meta-data reduction when
credits are exhausted.

prevent M3 from being delivered to s1 before M is delivered.
However, if the credits get expired along this causality chain,
then M3 will not carry the meta-data dependency that “M
is sent to s1” and hence M3 will be delivered by violating
causal consistency at s1. If credits are decremented slowly
enough, then with very high probability, M3 will carry the
meta-data information about M and causal consistency is
not violated.

On the other hand, consider the timing diagram in Fig-
ure 2. The scenario is the same as in Figure 1, with the
exception that message M is delivered to s1 within a rea-
sonable (i.e., an expected) amount of time. Assume that
the credits about the dependency “M is sent to s1” get ex-
hausted when M2 is delivered to s4 along the causality chain
〈M1,M2〉. The dependency is thus deleted at s4 and is not
carried in the meta-data sent along with message M3. This
results in reduced meta-data on M3. This does not cause
any violation of causal consistency when the reduced meta-
data is delivered to s1, because M has already been delivered
to s1.

We give the algorithm Approx-Opt-Track in Algorithm 1.
The following data structures are maintained at each site.

1. clocki: local counter at site si for write operations per-
formed by application process api.

2. Applyi[1 . . . n]: an array of integers (initially set to 0s).
Applyi[j] = a means that a total number of a updates
written by application process apj have been applied
at site si.

3. LOGi = {〈j, clockj , Dests, cr〉}: the local log (initially
set to empty). Each entry indicates a write operation
in the causal past. Dests is the destination list for that
write operation. Only necessary destination informa-
tion is stored. cr is the remaining amount of credits
allowed before the entry ages out.

4. LastWriteOni〈variable id, LOG〉: a hash map of LOGs.
LastWriteOni〈h〉 stores the piggybacked LOG from
the most recent update applied at site si for locally
replicated variable xh.

The data structures are the same as in algorithm Opt-
Track, with the addition of the credits parameter cr in each
entry in LOGi. Algorithm 1 implements the optimality
mechanisms described in algorithm Opt-Track [28]. The
optimal activation predicate AOPT is implemented in lines
(28)-(29), as in algorithm Opt-Track.

Algorithm 2 gives the procedures used by Algorithm Approx-
Opt-Track (Algorithm 1). Function PURGE removes old records

Algorithm 1: Approx-Opt-Track Algorithm, which is a
modification of Algorithm Opt-Track [28] (Code at site
si)

WRITE(xh, v):

1 clocki ++;
2 cr := initial credits;
3 for all l ∈ LOGi do
4 l.cr := l.cr− used credits;
5 if l.cr ≤ 0 ∧ l.Dests 6= ∅ then delete l;

6 for all sites sj(j 6= i) that replicate xh do
7 Lw := LOGi;
8 for all o ∈ Lw do
9 if sj 6∈ o.Dests then

o.Dests := o.Dests \ xh.replicas;
10 else o.Dests := o.Dests \ xh.replicas ∪ {sj};
11 for all oz,clockz ∈ Lw do
12 if oz,clockz .Dests = ∅ ∧ (∃o′

z,clock′
z
∈ Lw|clockz <

clock′z) then remove oz,clockz from Lw;

13 Send m(xh, v, i, clocki, xh.replicas, cr, Lw) to site sj ;

14 for all l ∈ LOGi do
15 l.Dests := l.Dests \ xh.replicas;

16 PURGE;
17 LOGi := LOGi ∪ {〈i, clocki, xh.replicas \ {si}, cr〉};
18 if xh is locally replicated then
19 xh := v;
20 Applyi[i] + +;
21 LastWriteOni〈h〉 := LOGi;

READ(xh):

22 if xh is not locally replicated then
23 RemoteFetch[f(xh)] from randomly selected site sj that

replicates xh to get xh and LastWriteOnj〈h〉;
24 MERGE(LOGi, LastWriteOnj〈h〉);
25 else MERGE(LOGi, LastWriteOni〈h〉);
26 PURGE;
27 return xh;

On receiving m(xh, v, j, clockj , xh.replicas, c, Lw) from site sj :

28 for all oz,clockz ∈ Lw do
29 if si ∈ oz,clockz .Dests then wait until

clockz ≤ Applyi[z];

30 for all o ∈ Lw do
31 o.cr := o.cr− used credits;
32 if o.cr ≤ 0 ∧ o.Dests 6= ∅ then delete o;

33 xh := v;
34 Applyi[j] := clockj ;
35 Lw := Lw ∪ {〈j, clockj , xh.replicas, c− used credits〉};
36 for all oz,clockz ∈ Lw do
37 oz,clockz .Dests := oz,clockz .Dests \ {si};
38 LastWriteOni〈h〉 := Lw;

On receiving f(xh) from site sj :

39 return xh and LastWriteOni〈h〉 to sj ;

with ∅ destination lists, per sender process. On a read oper-
ation of variable xh, function MERGE merges the piggybacked
log of the corresponding write to xh with the local log LOGi.
In this function, new dependencies get added to LOGi and
existing dependencies in LOGi are pruned, based on the
information in the piggybacked data Lw. The merging im-
plements the optimality mechanisms described in [28].

Notice that in the PURGE function, and in lines 11-12 of the
WRITE procedure, entries with empty destination list are
kept as long as and only as long as they are the most recent
update from the sender. This is required for implicit track-



Algorithm 2: Procedures used in Algorithm 1, Approx-
Opt-Track Algorithm (Code at site si)

PURGE:
1 for all lz,tz ∈ LOGi do
2 if lz,tz .Dests = ∅ ∧ (∃l′

z,t′z
∈ LOGi|tz < t′z) then

3 remove lz,tz from LOGi;

MERGE(LOGi, Lw):

4 for all l ∈ LOGi do
5 l.cr := l.cr− used credits;

6 for all o ∈ Lw do
7 o.cr := o.cr− used credits;

8 for all oz,t ∈ Lw and ls,t′ ∈ LOGi such that s = z do
9 if t < t′ ∧ ls,t 6∈ LOGi then mark oz,t for deletion;

10 if t′ < t ∧ oz,t′ 6∈ Lw then mark ls,t′ for deletion;

11 delete marked entries;
12 if t = t′ then
13 ls,t′ .Dests := ls,t′ .Dests ∩ oz,t.Dests;

14 ls,t′ .cr := min(ls,t′ .cr, oz,t.cr);

15 delete oz,t from Lw;

16 LOGi := LOGi ∪ Lw;
17 for all l ∈ LOGi do
18 if l.cr ≤ 0 ∧ l.Dests 6= ∅ then delete l;

ing of messages delivered and guaranteed to be delivered in
causal order, as explained in [18, 19, 28]. Such entries should
not be deleted even if their credits allocation becomes zero.
Thus in line 5, line 32, of the main algorithm, and in line 18
of MERGE, we delete an entry with exhausted credits only if
its destination list is non-empty.

The main changes to algorithm Opt-Track are as follows.

1. Line 2: initial credit assignment for a new dependency
created by a write operation.

2. Lines 3-5: The LOGi entries are aged by consuming
some credits, and deleted if the remaining credits are
zero.

3. Line 13: The send message has a new parameter, cr,
for the credit allocation of the corresponding depen-
dency.

4. Line 17: The new local LOGi entry has a new field for
the credit allocation of the new dependency.

5. Lines 30-32: Entries in the piggybacked meta-data are
aged by consuming some credits, and deleted if the
remaining credits are zero.

6. Line 35: The log entry added for the new dependency
of the received message has a new parameter for the
remaining amount of credits left.

7. Lines 4-7 in MERGE: Lines 4-5 decrement the credits for
each entry in LOGi by the amount of credits used.
Lines 6-7 decrement the credits for each entry in Lw

by the amount of credits used.

8. Lines 14 in MERGE: For each pair of records correspond-
ing to the same dependency being merged, we retain
the minimum of the available credits. This captures
the fact that the maximum amount of credits have
been consumed.

9. Lines 17-18 in MERGE: After the credits consumption in
lines 4-7 and after the credit adjustment in line 14, we
delete LOGi entries if their available credits are zero.

4. CREDIT INSTANTIATIONS
We show three different ways in which the concept of cred-

its can be instantiated.

4.1 Hop Count
Credits of a meta-data entry denote the hop count avail-

able before the entry ages out and is deleted. A message
is said to traverse one hop when it traverses along a logi-
cal channel between any pair of processes (sites). We make
some notes about this instantiation of Algorithm Approx-
Opt-Track.

1. Line 2: initial assignment of the hop count for a new
dependency created by a write operation.

2. Lines 3-5: These lines are no-ops because there is no
message transfer.

3. Lines 30-32: In line 31, the hop count is decremented
by one for each entry in the piggybacked meta-data
received.

4. Line 35: The hop count is decremented by one for the
new dependency just formed by the received message.

5. Lines 4-7 in MERGE: The entries in LOGi do not expe-
rience any decrease in hop count, while the entries in
Lw have the hop count decremented if the data was
remotely fetched by the read operation that triggered
the MERGE.

6. Lines 14 in MERGE: The hop count is set to the minimum
of the hop counts of the entries being merged.

7. Lines 17-18 in MERGE: LOGi entries whose hop count
is zero are deleted.

We expect that if the initial allocation of hop count is made
as a high single-digit, by the time the hop count reaches
zero and the meta-data entry is deleted, the message about
which the meta-data is deleted would already have reached
its destination (with very high probability).

4.2 Physical Time Lapse
Credits of a meta-data entry denote the physical time-to-

live (TTL) before the entry ages out and is deleted. This in-
stantiation assumes only that physical clocks are loosely syn-
chronized because no catastrophic error results if the clocks
are not tightly synchronized. We make some notes about
this instantiation of Algorithm Approx-Opt-Track.

1. Line 2: initial assignment of the TTL for a new depen-
dency created by a write operation.

2. Lines 3-5: Decrement the TTL by the physical time
that the log entries have been sitting in the local LOGi.

3. Lines 30-32: In line 31, the TTL is decremented by the
propagation time for the message that was received.

4. Line 35: The TTL is decremented by the propagation
time for the message that was just received.



5. Lines 4-7 in MERGE: The entries in LOGi and Lw have
their TTL decremented by the amount of time lapse
since the last time each entry’s TTL was updated.

6. Lines 14 in MERGE: The TTL is set to the minimum of
the TTLs of the entries being merged.

7. Lines 17-18 in MERGE: LOGi entries whose TTL is zero
are deleted.

We expect that if the initial allocation of TTL is made as
a high single-digit multiple of the average inter-data cen-
ter message propagation-cum-transmission time, by the time
the TTL reaches zero and the meta-data entry is deleted, the
message about which the meta-data is deleted would already
have reached its destination (with very high probability).

4.3 Metric Distance Traversed
Credits of a meta-data entry denote the physical distance

the entry traverses before it ages out. This instantiation of
credits assumes that the topology of the network is known
by the data centers/sites, viz., the physical distance between
each pair of data centers is known.

We make some notes about this instantiation of Algorithm
Approx-Opt-Track.

1. Line 2: initial allocation of metric distance traversed
for a new dependency created by a write operation.

2. Lines 3-5: These lines are no-ops because there is no
message transfer.

3. Lines 30-32: In line 31, the metric distance is decre-
mented by the distance traversed by the message just
received.

4. Line 35: The metric distance is decremented by the
distance traversed by the message just received.

5. Lines 4-7 in MERGE: The entries in LOGi do not experi-
ence any decrease in metric distance, while the entries
in Lw have the metric distance decremented if the data
was remotely fetched by the read operation that trig-
gered the MERGE.

6. Lines 14 in MERGE: The metric distance is set to the
minimum of the metric distances of the entries being
merged.

7. Lines 17-18 in MERGE: LOGi entries whose metric dis-
tance is zero are deleted.

We expect that if the initial allocation of metric distance
is made as a high single-digit multiple of the average inter-
data center message distance, by the time the residual metric
distance reaches zero and the meta-data entry is deleted, the
message about which the meta-data is deleted would already
have reached its destination (with very high probability).

5. DISCUSSION AND CONCLUSIONS
We considered the problem of providing causal consistency

in large-scale geo-replicated storage under the assumption of
partial replication. The recently proposed algorithm Opt-
Track [28] is optimal in the sense that that each update is
applied at the earliest instant while removing false causality
in the system. It is additionally optimal in the sense that

it minimizes the size of meta-information carried on mes-
sages and stored in local logs. However, in the worst case,
the size of the meta-data may be quadratic in the number
of sites/data centers. In this paper, we proposed a modi-
fication of Opt-Track, called Approx-Opt-Track, that gives
approximate causal consistency by reducing the size of the
meta-data. By controlling a parameter called credits, we
can trade-off the level of potential inaccuracy by the size of
meta-data. We showed three different ways in which credits
can be instantiated, namely by hop count, TTL, and metric
distance.

As future work, we would like to (i) study the exact na-
ture of the trade-off experimentally for all the three instan-
tiations of credits, (ii) provide transactional semantics, and
(iii) provide causal+ consistency.

The introduction of the concept of credits and their ma-
nipulation in the algorithm Approx-Opt-Track does not in-
crease the message count complexity, message space com-
plexity, time complexity, or space complexity beyond the
corresponding values of algorithm Opt-Track (see Table 1).
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