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Why distributed transactions?



3

Cheaper for the same processing power



The problem with distributed 
transactions
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Adding more machines doesn’t increase 
performance

Cluster A has 57machines, each with Mellanox Connect-IB 
card, and all connected through a single Inf niBand FDR 4X 
switch. The cluster contains two types of machines: the f rst
28machines (type 1) have two Intel Xeon E7-4820 processors 
(each with 8 cores) and 128GB RAM, the other 29machines 
(type 2) have two Intel Xeon E5-2660 processors (each with 
8 cores) and 256 GB RAM. All machines in this cluster run 
Oracle Linux Server 6.5 (kernel 2.6.32) and use the Mellanox 
OFED 2.3.1driver for the network.

Cluster B has 8machines connected to a single Inf niBand 
FDR 4X switch using a Mellanox Connect-IB card. Each ma- 
chine has two Intel Xeon E5-2660 v2 processors (each with 10 
cores) and 256GB RAM. The machines run Ubuntu 14.01 Ser- 
ver Edition (kernel 3.13.0-35-generic) as their operating sys- 
tem and use the Mellanox OFED 2.3.1driver for the network.

7.1 Exp.1: System Scalability
To show that NAM-DB scales linearly, the number of ser- 

vers were increased from 2 to 56 on Cluster A . We used two 
conf gurations of NAM-DB, with and without locality. For the 
setup without locality optimization, we deployed 28 memory 
servers on type-2 machines and 28 compute servers on type- 
1 machines, the latter using 60 transaction execution threads 
per machine. For the setup with the locality optimization, we 
deployed 56 compute and 56 memory servers (one pair per 
physical machine). In this deployment, each compute server 
was running only 30 transaction execution threads to have the 
same total number in both deployments. Finally, in both de- 
ployments we used one additional dedicated memory server 
on a type-2 machine to store the timestamp vector. 

Figure 4 shows the throughput of NAM-DB on an increas- 
ing cluster size both without exploring locality (blue) and with 
adding locality (purple) and compares them against a more tra- 
ditional implementation of Snapshot Isolation (red) with two- 
sided message-based communication. The results show that
NAM-DB scales near ly linear ly with the number of servers to
3.64million distributed transactions over 56machines. How- 
ever, if we allow the system to take advantage ofocality, we 
achieve 6.5 million TPC-C new-order transactions. This is
2 million more transactions than the current scale-out record 
by Microsoft FaRM [14], which achieves 4.5 million TPC- 
C transactions over 90 machines with comparable hardware 
and using as much locality as possible. It should be noted 
though that FaRM was deployed on a cluster with ConnectX-3 
NICs, not ConnectIB, which can have an performance impact 
if the number of queue pairs is large [21]. However, as Sec- 
tion 7.5 will show, for TPC-C this should make almost no dif- 
ference. Furthermore, FaRM implements serializability guar- 
antees, whereas NAM-DB supports snapshot isolation. While 
for this benchmark it makes no diference (there is no write- 
skew), it might be important for other workloads. At the same 
time, though, FaRM never tested their system for larger read 
queries, for which it should perform particularly worse as it 
requires a full read-set validation. 

The traditional SI protocol in Figure 4 follows a partitioned 
shared-nothing design similar to [26] but using 2-sided RDMA 
for the communication. As the f gure shows, this design does 
not scale with the number of servers. Even worse, the through-
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Figure 4: Scalability of NAM-DB

put even degrades when using more than 10machines. The de- 
grade results from the high CPU costs of handling messages. 

Figure 5(a) shows that the latency of new-order transactions. 
While NAM-DB almost stays constant regardless of the num- 
ber of machines, the latency of the classic SI implementation 
increases. This is not surprising; in the NAM-DB design the 
work per machine is constant and is not related to the number 
of machines in the cluster, whereas the classical implementa- 
tion requires more and more message handling. 

When looking more carefully into the latency of NAM-DB 
w/o locality and its break-down (Figure 5(b)), it reveals that 
the latency increases slightly mainly because of the overhead 
to install new versions. In fact, we know from profing that 
NAM-DB for TPC-C is network bandwidth bound. That is 
also the main reason why locality improves the overall perfor- 
mance, and we speculate that a system with the next generation 
of network hardware, such as EDR, would be able to achieve 
even higher throughputs. Finally, Figure 5(b) shows, that the 
latency for the timestamp oracle does not increase, indicating 
the efciency of our new technique (note that we currently do 
not partition the timestamp vector).

7.2 Exp.2: Scalability of the Oracle
To test the scalability of our novel timestamp oracle, we var- 

ied the number of compute servers that concurrently update 
the oracle. As opposed to the previous experiment, however, 
compute servers do not execute any real transaction logic. In- 
stead, each compute server thread executes the following three 
actions in a closed loop: (1) reads the current timestamp, (2) 
generates a new commit timestamp, and (3) makes the new 
commit timestamp visible. We call this sequence of operations 
a timestamp transaction, or simply t-trx. For this experiment, 
we used cluster B with eight nodes. The compute servers were 
deployed on seven machines, where we scaled the number of 
threads per machine. The remaining one node runs a memory 
server that stores the timestamp vector. 

As a baseline, we analyze the original timestamp oracle 
of our vision paper [10] (red line in Figure 7), which only 
achieved up to 2 million t-trxs/sec. As shown in the graph, 
our old oracle did not scale. In fact, when scaling to more 
than 20 clients, the throughput starts to degrade due to high 
contention.However, it should be noted that for smaller clus- 
ters, the threshold of 2million t-trxs/sec might be enough. For 
example, in our vision paper [10], we executed a variant of 
TPC-W on a smaller cluster and achieved up to 1.1 million 
transactions per second; a load that the original oracle could 
sustain. However, it becomes a bottleneck for larger deploy- 
ments. As shown before, our system can execute up to 14
million transactions on 56nodes (6.5million new-order trans- 
actions). This load could not be handled by the classic oracle.
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Why can’t they scale?
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Background: TCP/IP
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TCP/IP is computationally expensive

Complex design
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TCP/IP is computationally expensive

Fixed window size causes linear overhead

Client Server
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How do we replace TCP/IP?
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Background: RDMA
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Remote Direct Memory Access (RDMA)

CPU

Memory

CPU

Memory
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RDMA is great!

● Low latency
● High throughput
● Supported by InfiniBand
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RDMA is hard to use

One-sided communication:

Receiver is not notified of connection
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RDMA is hard to use

One-sided communication:

Receiver is not notified of connection

So far, most solutions that use RDMA, only do so 
for part of the design
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We need a system redesign
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Main design

...

th
re

a
d
 1

th
re

a
d
 2

th
re

a
d
 3

th
re

a
d
 n

timestamp thread

hash function

h
a
sh

 t
a
b
le

Compute Servers

Memory Servers

...

th
re

a
d
 1

th
re

a
d
 2

th
re

a
d
 3

th
re

a
d
 n

timestamp thread

...

th
re

a
d
 1

th
re

a
d
 2

th
re

a
d
 3

th
re

a
d
 n

timestamp thread

h
a
sh

 t
a
b
le

h
a
sh

 t
a
b
le

h
a
sh

 t
a
b
le

*Actually, the hash 
table might point to a 

different memory 
server



19

Data entries

Headerv20 Datav20Current Version

Old-Version
Buffers

Overf ow 
Region

Copy-on-update

Continuous Move

Thread-Id
29 Bits

Commit-Timest.
32 Bits

D
el

et
ed

 
1 

B
it

Lo
ck

ed
 

1 
B

it

M
ov

ed
 

1 
B

it

Header-
Buffer

v12

v13

v14

v15

v1
6

v1
7

v18

v19

w
rite-

next

Data-
Buffer

v12

v13

v14

v15

v1
6

v1
7

v18

v19

w
rite-

next

Figure 3: Version Management and Record Layout
4.2 Fur ther Optimizations

In the following, we explain further optimizations to make 
the timestamp oracle even more scalable:

Dedicated Fetch Thread: Fetching the most recent TR at 
the beginning of each transaction can cause a high network 
load for large transaction execution thread pools on large clus- 
ters. In order to reduce the network load, we can have one ded- 
icated thread per compute server that continuously fetches TR , 
and allow all transaction threads to simply use the pre-fetched
TR . At a f rst view, this seems to increase the abort rate since 
pre-fetching increases the staleness of TR . However, due to 
the reduced network load, the runtime of each transaction is 
heavily reduced, leading instead to a lower abort rate.

Compression of TR : The size of TR depends on the num- 
ber of transaction execution threads, which could rise up to 
hundreds or even thousands entries when scaling out. Thus, 
instead of having one slot per thread, we can compress TR by 
having only one slot ti per compute server; i.e., all transaction 
execution threads on one machine share one timestamp slot ti . 
One alternative is that the threads of a compute server use an 
atomic RDMA fetch-and-add operation to increase the counter 
value. Since the number of transaction execution threads per 
compute server is bounded (if we use one dedicated thread per 
core) the contention will not be too high. As another alter- 
native, we can cache tc in a compute server’s memory. In- 
creasing tc is then implemented by a local compare-and-swap 
followed by a subsequent RDMA write.

Par titioning of TR : In our evaluation, we found that with 
those two optimizations, a single timestamp server is already 
able to sustain over 140 million trxs/sec using a single dual- 
port FDR 4x NIC. In other words, we could scale our cluster 
to ≈ 500 machines for TPC-C with two FDR 4x ports before 
the network bandwidth of the server becomes a bottleneck. 
In case a single server becomes the bottleneck, it is easy to 
partition TR across several memory nodes, since a transaction 
execution thread needs to update only a single slot ti . This 
will improve the bandwidth per server as every machine now 
only stores a fraction of the vector. Unfortunately, partitioning
TR no longer guarantees strict monotonicity. As a result, ev- 
ery transaction execution thread still observes a monotonically 
increasing order of updates, but the order of transactions be- 
tween transaction execution threads might be diferent. While 
we believe that this does not impose a big problem in real sys- 
tems, we are currently investigating if we can solve this by 
leveraging the message ordering guarantees provided by In- 
f niBand for certain broadcast operations. This direction rep- 
resents an interesting avenue ofuture work.

5 Memory Servers
In this section, we f rst discuss the details of the multi- 

versioning scheme implemented in the memory serves of NAM- 
DB, which allows compute servers to install and f nd a version 
of a record. Afterwards, we present further details about the 
design of table and index structures in NAM-DB— as well as 
memory management including garbage collection. Note that 
our design decisions are made to make distributed transactions 
scalable rather than optimize for locality.

5.1 Multi-Versioning Scheme
The scheme to store multiple versions of a database record 

in a memory server is shown in Figure 3. The main idea is that 
the most recent version of a record, called the current version, 
is stored in a dedicated memory region. Whenever a record is 
updated by a transaction (i.e., a new version needs to be in- 
stalled), the current version is moved to an old-version bufer
and the new current version is installed in-place. As a result,
the most recent version can always be read with a single 
RDMA request. Furthermore, as we use continuous memory 
regions for the most recent versions, transferring the most re- 
cent versions of several records is also only a single RDMA re- 
quest, which dramatically helps scans. The old-version bufer 
has a f xed size to be efciently accessible with one RDMA 
read. Moreover, the oldest versions in the bufers are contin- 
uously copied to an overf ow region. That way, slots in the 
old-version bufer can be re-used for new versions while keep- 
ing old versions available for long running transactions. 

In the following, we f rst explain the memory layout in more 
detail and then discuss the version management.

Record Layout: For each record, we store a header sec- 
tion that contains additional metadata and a data section that 
contains the payload. The data section is a full copy of the 
record which represents a particular version. Currently, we 
only support f xed-length payloads. Variable-length payloads 
could be supported by storing an additional pointer in the data 
section of a record that refers to the variable-length part, which 
is stored in a separate memory region. However, when using 
RDMA, the latency for messages of up to 2KB remains con- 
stant, as shown in our vision paper [10]. Therefore, for many 
workloads where the record size does not exceed this limit, it 
makes sense to store the data in a f xed-length f eld that has the 
maximal required length inside a record. 

The header section describes the metadata of a record. In 
our current implementation, we use an 8-byte value that can 
be atomically updated by a remote compare-and-swap opera- 
tion from compute servers. The header encodes diferent vari- 
ables: The f rst 29 bits are used to store the thread identif er 
i of the transaction execution thread that installed the version 
(as described in the section before). The next 32bits are used 
for the commit timestamp. Both these variables represent the 
version information of a record and are set during the commit 
phase. Moreover, we also store other data in the header sec- 
tion that is used for version management, each represented by 
a 1-bit value: a moved-bit, a deleted-bit, and a locked-bit. The 
moved-bit indicates if a version was already moved from the 
old-version bufer to the overf ow region, and thus its slot can 
be safely reused. The deleted-bit indicates if the version of a 
record is marked for deletion and can be safely garbage col-

set when entry is moved 
to overflow region

set when entry may 
be deleted

set when entry is 
being committed
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In the following, we explain further optimizations to make 
the timestamp oracle even more scalable:

Dedicated Fetch Thread: Fetching the most recent TR at 
the beginning of each transaction can cause a high network 
load for large transaction execution thread pools on large clus- 
ters. In order to reduce the network load, we can have one ded- 
icated thread per compute server that continuously fetches TR , 
and allow all transaction threads to simply use the pre-fetched
TR . At a f rst view, this seems to increase the abort rate since 
pre-fetching increases the staleness of TR . However, due to 
the reduced network load, the runtime of each transaction is 
heavily reduced, leading instead to a lower abort rate.

Compression of TR : The size of TR depends on the num- 
ber of transaction execution threads, which could rise up to 
hundreds or even thousands entries when scaling out. Thus, 
instead of having one slot per thread, we can compress TR by 
having only one slot ti per compute server; i.e., all transaction 
execution threads on one machine share one timestamp slot ti . 
One alternative is that the threads of a compute server use an 
atomic RDMA fetch-and-add operation to increase the counter 
value. Since the number of transaction execution threads per 
compute server is bounded (if we use one dedicated thread per 
core) the contention will not be too high. As another alter- 
native, we can cache tc in a compute server’s memory. In- 
creasing tc is then implemented by a local compare-and-swap 
followed by a subsequent RDMA write.

Par titioning of TR : In our evaluation, we found that with 
those two optimizations, a single timestamp server is already 
able to sustain over 140 million trxs/sec using a single dual- 
port FDR 4x NIC. In other words, we could scale our cluster 
to ≈ 500 machines for TPC-C with two FDR 4x ports before 
the network bandwidth of the server becomes a bottleneck. 
In case a single server becomes the bottleneck, it is easy to 
partition TR across several memory nodes, since a transaction 
execution thread needs to update only a single slot ti . This 
will improve the bandwidth per server as every machine now 
only stores a fraction of the vector. Unfortunately, partitioning
TR no longer guarantees strict monotonicity. As a result, ev- 
ery transaction execution thread still observes a monotonically 
increasing order of updates, but the order of transactions be- 
tween transaction execution threads might be diferent. While 
we believe that this does not impose a big problem in real sys- 
tems, we are currently investigating if we can solve this by 
leveraging the message ordering guarantees provided by In- 
f niBand for certain broadcast operations. This direction rep- 
resents an interesting avenue ofuture work.

5 Memory Servers
In this section, we f rst discuss the details of the multi- 

versioning scheme implemented in the memory serves of NAM- 
DB, which allows compute servers to install and f nd a version 
of a record. Afterwards, we present further details about the 
design of table and index structures in NAM-DB— as well as 
memory management including garbage collection. Note that 
our design decisions are made to make distributed transactions 
scalable rather than optimize for locality.

5.1 Multi-Versioning Scheme
The scheme to store multiple versions of a database record 

in a memory server is shown in Figure 3. The main idea is that 
the most recent version of a record, called the current version, 
is stored in a dedicated memory region. Whenever a record is 
updated by a transaction (i.e., a new version needs to be in- 
stalled), the current version is moved to an old-version bufer
and the new current version is installed in-place. As a result,
the most recent version can always be read with a single 
RDMA request. Furthermore, as we use continuous memory 
regions for the most recent versions, transferring the most re- 
cent versions of several records is also only a single RDMA re- 
quest, which dramatically helps scans. The old-version bufer 
has a f xed size to be efciently accessible with one RDMA 
read. Moreover, the oldest versions in the bufers are contin- 
uously copied to an overf ow region. That way, slots in the 
old-version bufer can be re-used for new versions while keep- 
ing old versions available for long running transactions. 

In the following, we f rst explain the memory layout in more 
detail and then discuss the version management.

Record Layout: For each record, we store a header sec- 
tion that contains additional metadata and a data section that 
contains the payload. The data section is a full copy of the 
record which represents a particular version. Currently, we 
only support f xed-length payloads. Variable-length payloads 
could be supported by storing an additional pointer in the data 
section of a record that refers to the variable-length part, which 
is stored in a separate memory region. However, when using 
RDMA, the latency for messages of up to 2KB remains con- 
stant, as shown in our vision paper [10]. Therefore, for many 
workloads where the record size does not exceed this limit, it 
makes sense to store the data in a f xed-length f eld that has the 
maximal required length inside a record. 

The header section describes the metadata of a record. In 
our current implementation, we use an 8-byte value that can 
be atomically updated by a remote compare-and-swap opera- 
tion from compute servers. The header encodes diferent vari- 
ables: The f rst 29 bits are used to store the thread identif er 
i of the transaction execution thread that installed the version 
(as described in the section before). The next 32 bits are used 
for the commit timestamp. Both these variables represent the 
version information of a record and are set during the commit 
phase. Moreover, we also store other data in the header sec- 
tion that is used for version management, each represented by 
a 1-bit value: a moved-bit, a deleted-bit, and a locked-bit. The 
moved-bit indicates if a version was already moved from the 
old-version bufer to the overf ow region, and thus its slot can 
be safely reused. The deleted-bit indicates if the version of a 
record is marked for deletion and can be safely garbage col-
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Timestamp vector (Read timestamp)

Main design
● Read before fetching data
● Each cell is the commit timestamp of a thread
● Stored in a single Memory server

Optimizations
● Fetched by a dedicated thread in each Compute server (big ts 
reader)
● Threads in a Compute server might share commit timestamp 
(compression)
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Further notes

● Compute and Memory servers might coexist, 
taking advantage of locality
● Timestamp vectors may be partitioned
● Secondary indexes (B+-trees, hash tables)
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Is it good enough?
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Linear scalability

Cluster A has 57machines, each with Mellanox Connect-IB 
card, and all connected through a single Inf niBand FDR 4X 
switch. The cluster contains two types of machines: the f rst
28machines (type 1) have two Intel Xeon E7-4820 processors 
(each with 8 cores) and 128GB RAM, the other 29machines 
(type 2) have two Intel Xeon E5-2660 processors (each with 
8 cores) and 256 GB RAM. All machines in this cluster run 
Oracle Linux Server 6.5 (kernel 2.6.32) and use the Mellanox 
OFED 2.3.1driver for the network.

Cluster B has 8machines connected to a single Inf niBand 
FDR 4X switch using a Mellanox Connect-IB card. Each ma- 
chine has two Intel Xeon E5-2660 v2 processors (each with 10 
cores) and 256GB RAM. The machines run Ubuntu 14.01 Ser- 
ver Edition (kernel 3.13.0-35-generic) as their operating sys- 
tem and use the Mellanox OFED 2.3.1driver for the network.

7.1 Exp.1: System Scalability
To show that NAM-DB scales linearly, the number of ser- 

vers were increased from 2 to 56 on Cluster A . We used two 
conf gurations of NAM-DB, with and without locality. For the 
setup without locality optimization, we deployed 28 memory 
servers on type-2 machines and 28 compute servers on type- 
1 machines, the latter using 60 transaction execution threads 
per machine. For the setup with the locality optimization, we 
deployed 56 compute and 56 memory servers (one pair per 
physical machine). In this deployment, each compute server 
was running only 30 transaction execution threads to have the 
same total number in both deployments. Finally, in both de- 
ployments we used one additional dedicated memory server 
on a type-2 machine to store the timestamp vector. 

Figure 4 shows the throughput of NAM-DB on an increas- 
ing cluster size both without exploring locality (blue) and with 
adding locality (purple) and compares them against a more tra- 
ditional implementation of Snapshot Isolation (red) with two- 
sided message-based communication. The results show that
NAM-DB scales near ly linear ly with the number of servers to
3.64million distributed transactions over 56machines. How- 
ever, if we allow the system to take advantage ofocality, we 
achieve 6.5 million TPC-C new-order transactions. This is
2 million more transactions than the current scale-out record 
by Microsoft FaRM [14], which achieves 4.5 million TPC- 
C transactions over 90 machines with comparable hardware 
and using as much locality as possible. It should be noted 
though that FaRM was deployed on a cluster with ConnectX-3 
NICs, not ConnectIB, which can have an performance impact 
if the number of queue pairs is large [21]. However, as Sec- 
tion 7.5 will show, for TPC-C this should make almost no dif- 
ference. Furthermore, FaRM implements serializability guar- 
antees, whereas NAM-DB supports snapshot isolation. While 
for this benchmark it makes no diference (there is no write- 
skew), it might be important for other workloads. At the same 
time, though, FaRM never tested their system for larger read 
queries, for which it should perform particularly worse as it 
requires a full read-set validation. 

The traditional SI protocol in Figure 4 follows a partitioned 
shared-nothing design similar to [26] but using 2-sided RDMA 
for the communication. As the f gure shows, this design does 
not scale with the number of servers. Even worse, the through-
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Figure 4: Scalability of NAM-DB

put even degrades when using more than 10machines. The de- 
grade results from the high CPU costs of handling messages. 

Figure 5(a) shows that the latency of new-order transactions. 
While NAM-DB almost stays constant regardless of the num- 
ber of machines, the latency of the classic SI implementation 
increases. This is not surprising; in the NAM-DB design the 
work per machine is constant and is not related to the number 
of machines in the cluster, whereas the classical implementa- 
tion requires more and more message handling. 

When looking more carefully into the latency of NAM-DB 
w/o locality and its break-down (Figure 5(b)), it reveals that 
the latency increases slightly mainly because of the overhead 
to install new versions. In fact, we know from profing that 
NAM-DB for TPC-C is network bandwidth bound. That is 
also the main reason why locality improves the overall perfor- 
mance, and we speculate that a system with the next generation 
of network hardware, such as EDR, would be able to achieve 
even higher throughputs. Finally, Figure 5(b) shows, that the 
latency for the timestamp oracle does not increase, indicating 
the efciency of our new technique (note that we currently do 
not partition the timestamp vector).

7.2 Exp.2: Scalability of the Oracle
To test the scalability of our novel timestamp oracle, we var- 

ied the number of compute servers that concurrently update 
the oracle. As opposed to the previous experiment, however, 
compute servers do not execute any real transaction logic. In- 
stead, each compute server thread executes the following three 
actions in a closed loop: (1) reads the current timestamp, (2) 
generates a new commit timestamp, and (3) makes the new 
commit timestamp visible. We call this sequence of operations 
a timestamp transaction, or simply t-trx. For this experiment, 
we used cluster B with eight nodes. The compute servers were 
deployed on seven machines, where we scaled the number of 
threads per machine. The remaining one node runs a memory 
server that stores the timestamp vector. 

As a baseline, we analyze the original timestamp oracle 
of our vision paper [10] (red line in Figure 7), which only 
achieved up to 2 million t-trxs/sec. As shown in the graph, 
our old oracle did not scale. In fact, when scaling to more 
than 20 clients, the throughput starts to degrade due to high 
contention.However, it should be noted that for smaller clus- 
ters, the threshold of 2million t-trxs/sec might be enough. For 
example, in our vision paper [10], we executed a variant of 
TPC-W on a smaller cluster and achieved up to 1.1 million 
transactions per second; a load that the original oracle could 
sustain. However, it becomes a bottleneck for larger deploy- 
ments. As shown before, our system can execute up to 14
million transactions on 56nodes (6.5million new-order trans- 
actions). This load could not be handled by the classic oracle.
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Linear scalability

Cluster A has 57machines, each with Mellanox Connect-IB 
card, and all connected through a single Inf niBand FDR 4X 
switch. The cluster contains two types of machines: the f rst
28machines (type 1) have two Intel Xeon E7-4820 processors 
(each with 8 cores) and 128GB RAM, the other 29machines 
(type 2) have two Intel Xeon E5-2660 processors (each with 
8 cores) and 256 GB RAM. All machines in this cluster run 
Oracle Linux Server 6.5 (kernel 2.6.32) and use the Mellanox 
OFED 2.3.1driver for the network.

Cluster B has 8machines connected to a single Inf niBand 
FDR 4X switch using a Mellanox Connect-IB card. Each ma- 
chine has two Intel Xeon E5-2660 v2 processors (each with 10 
cores) and 256GB RAM. The machines run Ubuntu 14.01 Ser- 
ver Edition (kernel 3.13.0-35-generic) as their operating sys- 
tem and use the Mellanox OFED 2.3.1driver for the network.

7.1 Exp.1: System Scalability
To show that NAM-DB scales linearly, the number of ser- 

vers were increased from 2 to 56 on Cluster A . We used two 
conf gurations of NAM-DB, with and without locality. For the 
setup without locality optimization, we deployed 28 memory 
servers on type-2 machines and 28 compute servers on type- 
1 machines, the latter using 60 transaction execution threads 
per machine. For the setup with the locality optimization, we 
deployed 56 compute and 56 memory servers (one pair per 
physical machine). In this deployment, each compute server 
was running only 30 transaction execution threads to have the 
same total number in both deployments. Finally, in both de- 
ployments we used one additional dedicated memory server 
on a type-2 machine to store the timestamp vector. 

Figure 4 shows the throughput of NAM-DB on an increas- 
ing cluster size both without exploring locality (blue) and with 
adding locality (purple) and compares them against a more tra- 
ditional implementation of Snapshot Isolation (red) with two- 
sided message-based communication. The results show that
NAM-DB scales near ly linear ly with the number of servers to
3.64million distributed transactions over 56machines. How- 
ever, if we allow the system to take advantage ofocality, we 
achieve 6.5 million TPC-C new-order transactions. This is
2 million more transactions than the current scale-out record 
by Microsoft FaRM [14], which achieves 4.5 million TPC- 
C transactions over 90 machines with comparable hardware 
and using as much locality as possible. It should be noted 
though that FaRM was deployed on a cluster with ConnectX-3 
NICs, not ConnectIB, which can have an performance impact 
if the number of queue pairs is large [21]. However, as Sec- 
tion 7.5 will show, for TPC-C this should make almost no dif- 
ference. Furthermore, FaRM implements serializability guar- 
antees, whereas NAM-DB supports snapshot isolation. While 
for this benchmark it makes no diference (there is no write- 
skew), it might be important for other workloads. At the same 
time, though, FaRM never tested their system for larger read 
queries, for which it should perform particularly worse as it 
requires a full read-set validation. 

The traditional SI protocol in Figure 4 follows a partitioned 
shared-nothing design similar to [26] but using 2-sided RDMA 
for the communication. As the f gure shows, this design does 
not scale with the number of servers. Even worse, the through-
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put even degrades when using more than 10machines. The de- 
grade results from the high CPU costs of handling messages. 

Figure 5(a) shows that the latency of new-order transactions. 
While NAM-DB almost stays constant regardless of the num- 
ber of machines, the latency of the classic SI implementation 
increases. This is not surprising; in the NAM-DB design the 
work per machine is constant and is not related to the number 
of machines in the cluster, whereas the classical implementa- 
tion requires more and more message handling. 

When looking more carefully into the latency of NAM-DB 
w/o locality and its break-down (Figure 5(b)), it reveals that 
the latency increases slightly mainly because of the overhead 
to install new versions. In fact, we know from profing that 
NAM-DB for TPC-C is network bandwidth bound. That is 
also the main reason why locality improves the overall perfor- 
mance, and we speculate that a system with the next generation 
of network hardware, such as EDR, would be able to achieve 
even higher throughputs. Finally, Figure 5(b) shows, that the 
latency for the timestamp oracle does not increase, indicating 
the efciency of our new technique (note that we currently do 
not partition the timestamp vector).

7.2 Exp.2: Scalability of the Oracle
To test the scalability of our novel timestamp oracle, we var- 

ied the number of compute servers that concurrently update 
the oracle. As opposed to the previous experiment, however, 
compute servers do not execute any real transaction logic. In- 
stead, each compute server thread executes the following three 
actions in a closed loop: (1) reads the current timestamp, (2) 
generates a new commit timestamp, and (3) makes the new 
commit timestamp visible. We call this sequence of operations 
a timestamp transaction, or simply t-trx. For this experiment, 
we used cluster B with eight nodes. The compute servers were 
deployed on seven machines, where we scaled the number of 
threads per machine. The remaining one node runs a memory 
server that stores the timestamp vector. 

As a baseline, we analyze the original timestamp oracle 
of our vision paper [10] (red line in Figure 7), which only 
achieved up to 2 million t-trxs/sec. As shown in the graph, 
our old oracle did not scale. In fact, when scaling to more 
than 20 clients, the throughput starts to degrade due to high 
contention.However, it should be noted that for smaller clus- 
ters, the threshold of 2million t-trxs/sec might be enough. For 
example, in our vision paper [10], we executed a variant of 
TPC-W on a smaller cluster and achieved up to 1.1 million 
transactions per second; a load that the original oracle could 
sustain. However, it becomes a bottleneck for larger deploy- 
ments. As shown before, our system can execute up to 14
million transactions on 56nodes (6.5million new-order trans- 
actions). This load could not be handled by the classic oracle.
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Experiments
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Setup

● TPC-C benchmark
● 2011-released InfiniBand (FDR)
● Two clusters, with 8 and 57 machines
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Experiment 1: System scalability

Cluster A has 57machines, each with Mellanox Connect-IB 
card, and all connected through a single Inf niBand FDR 4X 
switch. The cluster contains two types of machines: the f rst
28machines (type 1) have two Intel Xeon E7-4820 processors 
(each with 8 cores) and 128 GB RAM, the other 29 machines 
(type 2) have two Intel Xeon E5-2660 processors (each with 
8 cores) and 256 GB RAM. All machines in this cluster run 
Oracle Linux Server 6.5 (kernel 2.6.32) and use the Mellanox 
OFED 2.3.1driver for the network.

Cluster B has 8machines connected to a single Inf niBand 
FDR 4X switch using a Mellanox Connect-IB card. Each ma- 
chine has two Intel Xeon E5-2660 v2 processors (each with 10 
cores) and 256GB RAM. The machines run Ubuntu 14.01 Ser- 
ver Edition (kernel 3.13.0-35-generic) as their operating sys- 
tem and use the Mellanox OFED 2.3.1driver for the network.

7.1 Exp.1: System Scalability
To show that NAM-DB scales linearly, the number of ser- 

vers were increased from 2 to 56 on Cluster A . We used two 
conf gurations of NAM-DB, with and without locality. For the 
setup without locality optimization, we deployed 28 memory 
servers on type-2 machines and 28 compute servers on type- 
1 machines, the latter using 60 transaction execution threads 
per machine. For the setup with the locality optimization, we 
deployed 56 compute and 56 memory servers (one pair per 
physical machine). In this deployment, each compute server 
was running only 30 transaction execution threads to have the 
same total number in both deployments. Finally, in both de- 
ployments we used one additional dedicated memory server 
on a type-2 machine to store the timestamp vector. 

Figure 4 shows the throughput of NAM-DB on an increas- 
ing cluster size both without exploring locality (blue) and with 
adding locality (purple) and compares them against a more tra- 
ditional implementation of Snapshot Isolation (red) with two- 
sided message-based communication. The results show that
NAM-DB scales near ly linear ly with the number of servers to
3.64 million distributed transactions over 56 machines. How- 
ever, if we allow the system to take advantage ofocality, we 
achieve 6.5 million TPC-C new-order transactions. This is
2 million more transactions than the current scale-out record 
by Microsoft FaRM [14], which achieves 4.5 million TPC- 
C transactions over 90 machines with comparable hardware 
and using as much locality as possible. It should be noted 
though that FaRM was deployed on a cluster with ConnectX-3 
NICs, not ConnectIB, which can have an performance impact 
if the number of queue pairs is large [21]. However, as Sec- 
tion 7.5 will show, for TPC-C this should make almost no dif- 
ference. Furthermore, FaRM implements serializability guar- 
antees, whereas NAM-DB supports snapshot isolation. While 
for this benchmark it makes no diference (there is no write- 
skew), it might be important for other workloads. At the same 
time, though, FaRM never tested their system for larger read 
queries, for which it should perform particularly worse as it 
requires a full read-set validation. 

The traditional SI protocol in Figure 4 follows a partitioned 
shared-nothing design similar to [26] but using 2-sided RDMA 
for the communication. As the f gure shows, this design does 
not scale with the number of servers. Even worse, the through-
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put even degrades when using more than 10machines. The de- 
grade results from the high CPU costs of handling messages. 

Figure 5(a) shows that the latency of new-order transactions. 
While NAM-DB almost stays constant regardless of the num- 
ber of machines, the latency of the classic SI implementation 
increases. This is not surprising; in the NAM-DB design the 
work per machine is constant and is not related to the number 
of machines in the cluster, whereas the classical implementa- 
tion requires more and more message handling. 

When looking more carefully into the latency of NAM-DB 
w/o locality and its break-down (Figure 5(b)), it reveals that 
the latency increases slightly mainly because of the overhead 
to install new versions. In fact, we know from profing that 
NAM-DB for TPC-C is network bandwidth bound. That is 
also the main reason why locality improves the overall perfor- 
mance, and we speculate that a system with the next generation 
of network hardware, such as EDR, would be able to achieve 
even higher throughputs. Finally, Figure 5(b) shows, that the 
latency for the timestamp oracle does not increase, indicating 
the efciency of our new technique (note that we currently do 
not partition the timestamp vector).

7.2 Exp.2: Scalability of the Oracle
To test the scalability of our novel timestamp oracle, we var- 

ied the number of compute servers that concurrently update 
the oracle. As opposed to the previous experiment, however, 
compute servers do not execute any real transaction logic. In- 
stead, each compute server thread executes the following three 
actions in a closed loop: (1) reads the current timestamp, (2) 
generates a new commit timestamp, and (3) makes the new 
commit timestamp visible. We call this sequence of operations 
a timestamp transaction, or simply t-trx. For this experiment, 
we used cluster B with eight nodes. The compute servers were 
deployed on seven machines, where we scaled the number of 
threads per machine. The remaining one node runs a memory 
server that stores the timestamp vector. 

As a baseline, we analyze the original timestamp oracle 
of our vision paper [10] (red line in Figure 7), which only 
achieved up to 2 million t-trxs/sec. As shown in the graph, 
our old oracle did not scale. In fact, when scaling to more 
than 20 clients, the throughput starts to degrade due to high 
contention.However, it should be noted that for smaller clus- 
ters, the threshold of 2million t-trxs/sec might be enough. For 
example, in our vision paper [10], we executed a variant of 
TPC-W on a smaller cluster and achieved up to 1.1 million 
transactions per second; a load that the original oracle could 
sustain. However, it becomes a bottleneck for larger deploy- 
ments. As shown before, our system can execute up to 14
million transactions on 56nodes (6.5million new-order trans- 
actions). This load could not be handled by the classic oracle.
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As shown in Figure 6, the new oracle (blue line) can easily 
sustain the above mentioned load. For example, the basic ver- 
sion with no optimization achieves 20 million t-trxs/sec. How- 
ever, the basic version still does not scale linearly because the 
size of the timestamp vector grows with the number of trans- 
action execution threads (i.e., clients) and makes the network 
bandwidth of the timestamp server the main bottleneck. 

While 20 million t-trxs/sec is already sufcient that the ba- 
sic new oracle (blue line) does not become a bottleneck in our 
experiments, we can push the limit even further by applying 
the optimizations discussed in Section 4.2. One of the op- 
timizations is using a dedicated background fetch thread per 
compute server (instead of per transaction execution thread) 
to read the timestamp vector periodically. This reduces the 
load on the network. When applying this optimization (black 
line, denoted by “bg ts reader”), the oracle scales up to 36
million t-trxs/sec. Furthermore, when applying compression 
(green line), where there is one entry in the timestamp vec- 
tor per machine (instead of per transaction thread), the oracle 
scales even further to 80 million t-trxs/sec. Finally, when en- 
abling both optimizations (yellow line), the oracle scales up to
135million t-trxs/sec on only 8 nodes. 

It is worth noting that even the optimized oracle reaches its 
capacity at some point when deployed on clusters with hun- 
dreds or thousands of machines (we speculate that with these 
two optimizations and the given hardware we could support a 
cluster size of 500 machines for TPC-C). At that point, the idea 
of partitioning the timestamp vector (see Section 4.2) could be 
applied to remove the bottleneck. Therefore, we believe that 
our proposed design for the timestamp oracle is truly scalable.

7.3 Exp.3: Efect of Locality
As described earlier, we consider locality an optimization 

technique, like adding an index, rather than a key requirement 
to achieve good scale-out properties. This is feasible with 
high-speed networks since the impact ofocality is no longer 
as severe as it is on slow networks. To test this assumption, 
we varied the degree of distribution for new-order transactions 
from 0%up to 100%. The degree of distribution represents the 
likelihood that a transaction needs to read/write data from/to a 
warehouse that is stored on a remote server When exploiting 
locality, transactions are executed at those servers that store 
the so-called home warehouse. In this experiment, we only 
executed the new-order transaction and not the complete mix 
in order to show the direct efect ofocality. 

For the setup, we again use cluster B with one server act- 
ing as the timestamp oracle and the remaining seven machines 
physically co-locating one memory and one computer server 
each. The TPC-C database contained 200 warehouses parti- 
tioned to all memory servers. When running w/o locality, we 

executed all memory accesses using RDMA. When running 
w/ locality, we directly accessed the local memory if possible. 
Since our HCA’s atomic operations are not atomic with respect 
to the attached processor, all the atomic operations were issued 
as RDMA atomics, even in locality mode. 

Figure 6 shows that the performance benef t of ocality is 
roughly 30% in regard to throughput and latency. While 30%
is not negligible, it still demonstrates that there are no longer 
orders-of-magnitude diferences between them if the system is 
designed to achieve high distributed transaction throughput. 

We also executed the same experiment on a modern in- 
memory database (H-Store [22]) that implements a classical 
shared-nothing architecture which is optimized for data-locality. 
We choose H-Store as it is one of the few freely available trans- 
actional in-memory databases. We used the distributed version 
of H-Store without any modif cations using IP over Inf niBand 
as communication stack. Overall, we observed that H-Store 
only achieves 11K transactions per second (not shown in Fig- 
ure 6) on a perfectly partitionable workload. These numbers 
are in line with the ones reported in [33]. However, at 100%
distributed transactions the throughput of H-Store drops to 900
transactions per second (which is approx. a 90% drop), while 
our system still achieves more than 1.5M transactions under 
the same workload. This clearly shows the sensitivity of the 
shared-nothing design to data locality.

7.4 Exp.4: Efect of Contention
As mentioned earlier, the scalability is inf uenced by the in- 

trinsic scalability of the workload. In order to analyze the ef- 
fect of contention on the scalability, we increased the number 
of machines with diferent levels of contention. That is, we 
varied the likelihood that a given product item is selected by 
a transaction by using a uniform distribution as well as difer- 
ent zipf distributions with low skew (α = 0.8), medium skew
(α = 0.9), high skew (α = 1.0) and very-high skew (α = 2.0). 

Figure 8 shows the results in regard to throughput and abort 
rate. For the uniform and zipf distribution with low skew, we 
can see that the throughput per machine is stable (i.e., almost 
linearly as before). However, for an increasing skewness factor 
the abort rate also increases due to the contention on a single 
machine. This supports our initial claim that while RDMA can 
help to achieve a scalable distributed database system, we can 
not do something against an inherently non-scalable workload 
that has individual contention points. The high abort rate can 
be explained by the fact that we immediately abort transac- 
tions instead of waiting for a lock once a transaction does not 
acquire a lock. It is important to note that this does not have a 
huge impact on the throughput, since in our case the compute 
server directly triggers a retry after an abort.
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Experiment 2: Scalability of the Oracle
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7.5 Exp.5: Scalability of RDMA QPs
Recent work [21] pointed out that a high number of queue 

pairs (QPs) per NIC limit the scalability. The reason is that 
the NIC cache is limited. Thus, a high number of QPs may 
overf ow the cache, potentially causing the performance to de- 
grade. To investigate the impact of the number of QPs on our 
design, we dedicated one machine as server and seven ma- 
chines as clients on Cluster B and varied the number of queue 
pairs per client thread while running 20 threads per client. 
That way, we scaled the number of total queue pairs to ap- 
proximately 4000. Moreover, at every round, a client thread 
chooses one ofts queue pairs randomly, and issues a f xed- 
size READ to the server. 

Figure 9 shows the total number of performed operations 
for three diferent sizes of one-sided RDMA READs. The 
results show that queue pairs indeed have an impact on the 
overall performance, but mainly for small messages. For ex- 
ample, we observed a 40% (25%) drop in the throughput of 
8-byte (64-byte) READs. However, with 256-byte READs, 
the number of queue pairs has almost no impact. In this case, 
the network bandwidth limits the maximum throughput, not 
the queue pairs. Thus, we argue that for many workloads (as 
well as benchmarks such as TPC-C) the number of queue pairs 
does not play an important role. 

Also note that queue pairs are not needed to be established 
between all cores. For example, in the NAM architecture only 
queue pairs between servers and client-threads are required. 
This can be further reduced by not using a queue pair for ev- 
ery client-thread (as currently done in NAM-DB) but rather a 
few dedicated ”communicator” threads at the potential cost of 
additional coordination overhead. 

Finally, while in its simplest case, a queue pair is needed per 
core to enable RDMA and thus the increasing number of cores 
per CPU might again become a bottleneck, we observe that 
– at least currently – the cache sizes of NICs increase much 
faster than the number of cores per CPU. If this trend contin- 
ues, this might further mitigate the problem in the future.

8 Related Work
Most related to our work is FaRM [14, 13]. However, FaRM 

uses a more traditional message-based approach and focuses 
on serializability, whereas we implemented snapshot isolation, 
which is more common in practice because ofts low-overhead 
consistent reads. More importantly, in this work we made 
the case that distributed transactions can now scale, whereas 
FaRMs design is centered around locality. 

FaSST [21] is another related project which was published 
while this paper was under review. Like NAM-DB, FaSST 
also focuses on scalability but the authors took a diferent ap- 
proach by building an efcient RPC abstraction on top of 1-to- 

many unreliable datagrams using two-sided SEND/RECEIVE 
verbs. This design minimizes the size of queue pair state stored 
on NIC cache with the goal of better scalability with the size 
of cluster. However, as Section 7.5 showed, for many realistic 
workloads and cluster sizes, the number of queue pairs may 
not be that inf uential on performance. Due to their decision 
of abandoning one-sided RDMA verbs in favor of unreliable 
datagrams, their system is not able to take full advantage of 
leveraging the NIC as co-processors to access remote mem- 
ory, and the design is likely more sensitive to data locality. Fi- 
nally, and most importantly, FaSST implements serializability 
guarantees, whereas we show how to scale snapshot isolation, 
which provides better performance for read-heavy workloads 
and is more common in practice than serializability (e.g., Ora- 
cle does not even support it). 

Another recent work [29] is similar to our design since it 
also separates storage from compute nodes. However, instead 
of treating RDMA as a f rst-class citizen, they treat RDMA 
as an afterthought. Moreover, they use a centralized commit 
manager to coordinate distributed transactions, which is likely 
to become a bottleneck when scaling out to larger clusters. 
Conversely, our NAM-DB architecture is designed to lever- 
age one-sided RDMA primitives to build a scalable shared 
distributed architecture without a central coordinator to avoid 
bottlenecks in the design. 

Industrial-strength products have also adopted RDMA in 
existing DBMSs [6, 36, 28]. For example, Oracle RAC [36] 
has RDMA support, including the use of RDMA atomic prim- 
itives. However, RAC does not directly take advantage of the 
network for transaction processing and is essentially a work- 
around for a legacy system. Furthermore, IBM pureScale [6] 
uses RDMA to provide high availability for DB2 but also re- 
lies on a centralized manager to coordinate distributed trans- 
actions. Finally, SQLServer [28] uses RDMA to extend the 
bufer pool of a single node instance but does not discuss the 
efect on distributed databases at all. 

Other projects in academia have also targeted RDMA for 
data management, such as distributed join processing [7, 38, 
19]. However, they focus mainly only on leveraging RDMA 
in a traditional shared-nothing architecture and do not discuss 
the redesign of the full database stack. SpinningJoins [19] sug- 
gest a new architecture for RDMA. Diferent from our work, 
this work assumes severely limited network bandwidth (only 
1.25GB/s) and therefore streams one relation across all the 
nodes (similar to a block-nested loop join). Another line of 
work is on RDMA-enabled key value stores RDMA-enabled 
key/value stores [31, 30, 20]. We leverage some of these re- 
sults to build our distributed indexes in NAM-DB, but transac- 
tions and query processing are not discussed in these papers.

695



31

Experiment 3: Effect of Locality

(a) Latency (b) Breakdown for NAM-DB
Figure 5: Latency and Breakdown
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Figure 6: Efect of Locality

As shown in Figure 6, the new oracle (blue line) can easily 
sustain the above mentioned load. For example, the basic ver- 
sion with no optimization achieves 20 million t-trxs/sec. How- 
ever, the basic version still does not scale linearly because the 
size of the timestamp vector grows with the number of trans- 
action execution threads (i.e., clients) and makes the network 
bandwidth of the timestamp server the main bottleneck. 

While 20 million t-trxs/sec is already sufcient that the ba- 
sic new oracle (blue line) does not become a bottleneck in our 
experiments, we can push the limit even further by applying 
the optimizations discussed in Section 4.2. One of the op- 
timizations is using a dedicated background fetch thread per 
compute server (instead of per transaction execution thread) 
to read the timestamp vector periodically. This reduces the 
load on the network. When applying this optimization (black 
line, denoted by “bg ts reader”), the oracle scales up to 36
million t-trxs/sec. Furthermore, when applying compression 
(green line), where there is one entry in the timestamp vec- 
tor per machine (instead of per transaction thread), the oracle 
scales even further to 80 million t-trxs/sec. Finally, when en- 
abling both optimizations (yellow line), the oracle scales up to
135million t-trxs/sec on only 8 nodes. 

It is worth noting that even the optimized oracle reaches its 
capacity at some point when deployed on clusters with hun- 
dreds or thousands of machines (we speculate that with these 
two optimizations and the given hardware we could support a 
cluster size of 500 machines for TPC-C). At that point, the idea 
of partitioning the timestamp vector (see Section 4.2) could be 
applied to remove the bottleneck. Therefore, we believe that 
our proposed design for the timestamp oracle is truly scalable.

7.3 Exp.3: Efect of Locality
As described earlier, we consider locality an optimization 

technique, like adding an index, rather than a key requirement 
to achieve good scale-out properties. This is feasible with 
high-speed networks since the impact ofocality is no longer 
as severe as it is on slow networks. To test this assumption, 
we varied the degree of distribution for new-order transactions 
from 0%up to 100%. The degree of distribution represents the 
likelihood that a transaction needs to read/write data from/to a 
warehouse that is stored on a remote server When exploiting 
locality, transactions are executed at those servers that store 
the so-called home warehouse. In this experiment, we only 
executed the new-order transaction and not the complete mix 
in order to show the direct efect ofocality. 

For the setup, we again use cluster B with one server act- 
ing as the timestamp oracle and the remaining seven machines 
physically co-locating one memory and one computer server 
each. The TPC-C database contained 200 warehouses parti- 
tioned to all memory servers. When running w/o locality, we 

executed all memory accesses using RDMA. When running 
w/ locality, we directly accessed the local memory if possible. 
Since our HCA’s atomic operations are not atomic with respect 
to the attached processor, all the atomic operations were issued 
as RDMA atomics, even in locality mode. 

Figure 6 shows that the performance benef t of ocality is 
roughly 30% in regard to throughput and latency. While 30%
is not negligible, it still demonstrates that there are no longer 
orders-of-magnitude diferences between them if the system is 
designed to achieve high distributed transaction throughput. 

We also executed the same experiment on a modern in- 
memory database (H-Store [22]) that implements a classical 
shared-nothing architecture which is optimized for data-locality. 
We choose H-Store as it is one of the few freely available trans- 
actional in-memory databases. We used the distributed version 
of H-Store without any modif cations using IP over Inf niBand 
as communication stack. Overall, we observed that H-Store 
only achieves 11K transactions per second (not shown in Fig- 
ure 6) on a perfectly partitionable workload. These numbers 
are in line with the ones reported in [33]. However, at 100%
distributed transactions the throughput of H-Store drops to 900
transactions per second (which is approx. a 90% drop), while 
our system still achieves more than 1.5M transactions under 
the same workload. This clearly shows the sensitivity of the 
shared-nothing design to data locality.

7.4 Exp.4: Efect of Contention
As mentioned earlier, the scalability is inf uenced by the in- 

trinsic scalability of the workload. In order to analyze the ef- 
fect of contention on the scalability, we increased the number 
of machines with diferent levels of contention. That is, we 
varied the likelihood that a given product item is selected by 
a transaction by using a uniform distribution as well as difer- 
ent zipf distributions with low skew (α = 0.8), medium skew
(α = 0.9), high skew (α = 1.0) and very-high skew (α = 2.0). 

Figure 8 shows the results in regard to throughput and abort 
rate. For the uniform and zipf distribution with low skew, we 
can see that the throughput per machine is stable (i.e., almost 
linearly as before). However, for an increasing skewness factor 
the abort rate also increases due to the contention on a single 
machine. This supports our initial claim that while RDMA can 
help to achieve a scalable distributed database system, we can 
not do something against an inherently non-scalable workload 
that has individual contention points. The high abort rate can 
be explained by the fact that we immediately abort transac- 
tions instead of waiting for a lock once a transaction does not 
acquire a lock. It is important to note that this does not have a 
huge impact on the throughput, since in our case the compute 
server directly triggers a retry after an abort.
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Experiment 4: Effect of Contention

Figure 7: Scalability of Oracle
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7.5 Exp.5: Scalability of RDMA QPs
Recent work [21] pointed out that a high number of queue 

pairs (QPs) per NIC limit the scalability. The reason is that 
the NIC cache is limited. Thus, a high number of QPs may 
overf ow the cache, potentially causing the performance to de- 
grade. To investigate the impact of the number of QPs on our 
design, we dedicated one machine as server and seven ma- 
chines as clients on Cluster B and varied the number of queue 
pairs per client thread while running 20 threads per client. 
That way, we scaled the number of total queue pairs to ap- 
proximately 4000. Moreover, at every round, a client thread 
chooses one of ts queue pairs randomly, and issues a f xed- 
size READ to the server. 

Figure 9 shows the total number of performed operations 
for three diferent sizes of one-sided RDMA READs. The 
results show that queue pairs indeed have an impact on the 
overall performance, but mainly for small messages. For ex- 
ample, we observed a 40% (25%) drop in the throughput of 
8-byte (64-byte) READs. However, with 256-byte READs, 
the number of queue pairs has almost no impact. In this case, 
the network bandwidth limits the maximum throughput, not 
the queue pairs. Thus, we argue that for many workloads (as 
well as benchmarks such as TPC-C) the number of queue pairs 
does not play an important role. 

Also note that queue pairs are not needed to be established 
between all cores. For example, in the NAM architecture only 
queue pairs between servers and client-threads are required. 
This can be further reduced by not using a queue pair for ev- 
ery client-thread (as currently done in NAM-DB) but rather a 
few dedicated ”communicator” threads at the potential cost of 
additional coordination overhead. 

Finally, while in its simplest case, a queue pair is needed per 
core to enable RDMA and thus the increasing number of cores 
per CPU might again become a bottleneck, we observe that 
– at least currently – the cache sizes of NICs increase much 
faster than the number of cores per CPU. If this trend contin- 
ues, this might further mitigate the problem in the future.

8 Related Work
Most related to our work is FaRM [14, 13]. However, FaRM 

uses a more traditional message-based approach and focuses 
on serializability, whereas we implemented snapshot isolation, 
which is more common in practice because ofts low-overhead 
consistent reads. More importantly, in this work we made 
the case that distributed transactions can now scale, whereas 
FaRMs design is centered around locality. 

FaSST [21] is another related project which was published 
while this paper was under review. Like NAM-DB, FaSST 
also focuses on scalability but the authors took a diferent ap- 
proach by building an efcient RPC abstraction on top of 1-to- 

many unreliable datagrams using two-sided SEND/RECEIVE 
verbs. This design minimizes the size of queue pair state stored 
on NIC cache with the goal of better scalability with the size 
of cluster. However, as Section 7.5 showed, for many realistic 
workloads and cluster sizes, the number of queue pairs may 
not be that inf uential on performance. Due to their decision 
of abandoning one-sided RDMA verbs in favor of unreliable 
datagrams, their system is not able to take full advantage of 
leveraging the NIC as co-processors to access remote mem- 
ory, and the design is likely more sensitive to data locality. Fi- 
nally, and most importantly, FaSST implements serializability 
guarantees, whereas we show how to scale snapshot isolation, 
which provides better performance for read-heavy workloads 
and is more common in practice than serializability (e.g., Ora- 
cle does not even support it). 

Another recent work [29] is similar to our design since it 
also separates storage from compute nodes. However, instead 
of treating RDMA as a f rst-class citizen, they treat RDMA 
as an afterthought. Moreover, they use a centralized commit 
manager to coordinate distributed transactions, which is likely 
to become a bottleneck when scaling out to larger clusters. 
Conversely, our NAM-DB architecture is designed to lever- 
age one-sided RDMA primitives to build a scalable shared 
distributed architecture without a central coordinator to avoid 
bottlenecks in the design. 

Industrial-strength products have also adopted RDMA in 
existing DBMSs [6, 36, 28]. For example, Oracle RAC [36] 
has RDMA support, including the use of RDMA atomic prim- 
itives. However, RAC does not directly take advantage of the 
network for transaction processing and is essentially a work- 
around for a legacy system. Furthermore, IBM pureScale [6] 
uses RDMA to provide high availability for DB2 but also re- 
lies on a centralized manager to coordinate distributed trans- 
actions. Finally, SQLServer [28] uses RDMA to extend the 
bufer pool of a single node instance but does not discuss the 
efect on distributed databases at all. 

Other projects in academia have also targeted RDMA for 
data management, such as distributed join processing [7, 38, 
19]. However, they focus mainly only on leveraging RDMA 
in a traditional shared-nothing architecture and do not discuss 
the redesign of the full database stack. SpinningJoins [19] sug- 
gest a new architecture for RDMA. Diferent from our work, 
this work assumes severely limited network bandwidth (only 
1.25GB/s) and therefore streams one relation across all the 
nodes (similar to a block-nested loop join). Another line of 
work is on RDMA-enabled key value stores RDMA-enabled 
key/value stores [31, 30, 20]. We leverage some of these re- 
sults to build our distributed indexes in NAM-DB, but transac- 
tions and query processing are not discussed in these papers.
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7.5 Exp.5: Scalability of RDMA QPs
Recent work [21] pointed out that a high number of queue 

pairs (QPs) per NIC limit the scalability. The reason is that 
the NIC cache is limited. Thus, a high number of QPs may 
overf ow the cache, potentially causing the performance to de- 
grade. To investigate the impact of the number of QPs on our 
design, we dedicated one machine as server and seven ma- 
chines as clients on Cluster B and varied the number of queue 
pairs per client thread while running 20 threads per client. 
That way, we scaled the number of total queue pairs to ap- 
proximately 4000. Moreover, at every round, a client thread 
chooses one ofts queue pairs randomly, and issues a f xed- 
size READ to the server. 

Figure 9 shows the total number of performed operations 
for three diferent sizes of one-sided RDMA READs. The 
results show that queue pairs indeed have an impact on the 
overall performance, but mainly for small messages. For ex- 
ample, we observed a 40% (25%) drop in the throughput of 
8-byte (64-byte) READs. However, with 256-byte READs, 
the number of queue pairs has almost no impact. In this case, 
the network bandwidth limits the maximum throughput, not 
the queue pairs. Thus, we argue that for many workloads (as 
well as benchmarks such as TPC-C) the number of queue pairs 
does not play an important role. 

Also note that queue pairs are not needed to be established 
between all cores. For example, in the NAM architecture only 
queue pairs between servers and client-threads are required. 
This can be further reduced by not using a queue pair for ev- 
ery client-thread (as currently done in NAM-DB) but rather a 
few dedicated ”communicator” threads at the potential cost of 
additional coordination overhead. 

Finally, while in its simplest case, a queue pair is needed per 
core to enable RDMA and thus the increasing number of cores 
per CPU might again become a bottleneck, we observe that 
– at least currently – the cache sizes of NICs increase much 
faster than the number of cores per CPU. If this trend contin- 
ues, this might further mitigate the problem in the future.

8 Related Work
Most related to our work is FaRM [14, 13]. However, FaRM 

uses a more traditional message-based approach and focuses 
on serializability, whereas we implemented snapshot isolation, 
which is more common in practice because ofts low-overhead 
consistent reads. More importantly, in this work we made 
the case that distributed transactions can now scale, whereas 
FaRMs design is centered around locality. 

FaSST [21] is another related project which was published 
while this paper was under review. Like NAM-DB, FaSST 
also focuses on scalability but the authors took a diferent ap- 
proach by building an efcient RPC abstraction on top of 1-to- 

many unreliable datagrams using two-sided SEND/RECEIVE 
verbs. This design minimizes the size of queue pair state stored 
on NIC cache with the goal of better scalability with the size 
of cluster. However, as Section 7.5 showed, for many realistic 
workloads and cluster sizes, the number of queue pairs may 
not be that inf uential on performance. Due to their decision 
of abandoning one-sided RDMA verbs in favor of unreliable 
datagrams, their system is not able to take full advantage of 
leveraging the NIC as co-processors to access remote mem- 
ory, and the design is likely more sensitive to data locality. Fi- 
nally, and most importantly, FaSST implements serializability 
guarantees, whereas we show how to scale snapshot isolation, 
which provides better performance for read-heavy workloads 
and is more common in practice than serializability (e.g., Ora- 
cle does not even support it). 

Another recent work [29] is similar to our design since it 
also separates storage from compute nodes. However, instead 
of treating RDMA as a f rst-class citizen, they treat RDMA 
as an afterthought. Moreover, they use a centralized commit 
manager to coordinate distributed transactions, which is likely 
to become a bottleneck when scaling out to larger clusters. 
Conversely, our NAM-DB architecture is designed to lever- 
age one-sided RDMA primitives to build a scalable shared 
distributed architecture without a central coordinator to avoid 
bottlenecks in the design. 

Industrial-strength products have also adopted RDMA in 
existing DBMSs [6, 36, 28]. For example, Oracle RAC [36] 
has RDMA support, including the use of RDMA atomic prim- 
itives. However, RAC does not directly take advantage of the 
network for transaction processing and is essentially a work- 
around for a legacy system. Furthermore, IBM pureScale [6] 
uses RDMA to provide high availability for DB2 but also re- 
lies on a centralized manager to coordinate distributed trans- 
actions. Finally, SQLServer [28] uses RDMA to extend the 
bufer pool of a single node instance but does not discuss the 
efect on distributed databases at all. 

Other projects in academia have also targeted RDMA for 
data management, such as distributed join processing [7, 38, 
19]. However, they focus mainly only on leveraging RDMA 
in a traditional shared-nothing architecture and do not discuss 
the redesign of the full database stack. SpinningJoins [19] sug- 
gest a new architecture for RDMA. Diferent from our work, 
this work assumes severely limited network bandwidth (only 
1.25GB/s) and therefore streams one relation across all the 
nodes (similar to a block-nested loop join). Another line of 
work is on RDMA-enabled key value stores RDMA-enabled 
key/value stores [31, 30, 20]. We leverage some of these re- 
sults to build our distributed indexes in NAM-DB, but transac- 
tions and query processing are not discussed in these papers.
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Future work
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Future work

● Optimize for OLAP
● Reliably emulate large clusters and perform 
experiments
● Analyze performance, and optimize constants
● Explore collocation methods
● Explore secondary indexes
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Thank you!
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