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Memory disaggregation separates compute (CPU) and main memory resources into disjoint physical units
to enable elastic and independent scaling. Connected via high-speed RDMA-enabled networks, compute
nodes can directly access remote memory. This setting often requires complex protocols with many network
roundtrips as memory nodes have near-zero compute power.

In this paper, we design a scalable distributed inverted list index for disaggregated memory architectures.
An inverted list index maps a set of terms to lists of documents that contain this term. Current solutions either
partition the index horizontally or vertically with severe limitations in the disaggregated memory setting due to
data & access skew, high network latency, or out-of-memory errors. Our method partitions lists into fixed-size
blocks and spreads them across the memory nodes to balance skewed accesses. Block-based list processing
keeps the memory footprint of compute nodes low and masks latency by interleaving remote accesses with
expensive list operations. In addition, we propose efficient updates with optimistic concurrency control and
read-write conflict detection. Our experiments confirm the efficiency and scalability of our method.
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1 INTRODUCTION
Search engines such as Google [5, 19], Yahoo! [4, 13], and Bing [25, 58] heavily rely on inverted list
indexes to find relevant documents efficiently. In information retrieval, an inverted index stores
a list of ordered document identifiers for each vocabulary term that appears in the documents. A
search query returns all relevant identifiers of documents that contain either all or at least one of the
terms. Database systems leverage inverted list indexes to speed up query processing [7, 43, 49, 54];
in graph analytics they are used, for example, to find common followers for a set of given users [17].

Due to the rapid growth of data, index structures that organize very large datasets often do not
fit into main memory of a single machine. Spilling data onto slow secondary storage is undesirable
for applications that require ultra-low latency access, such as indexes for in-memory database
systems. Indexes residing on a single machine are further limited by the number of cores in terms of
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the access rate they can support. Distributing the index structure improves the scalability to large
index sizes and can reduce hot spots, which arise when the index is frequently read or updated
[63]. Scaling out in-memory indexes is necessary to build fully elastic distributed database systems
with near in-memory performance.

State-of-the-art approaches that distribute inverted list indexes, partition the index at the level
of either the documents or the terms. The index components are then distributed to monolithic
servers [3, 14, 15, 39, 40, 50]. Each server locally stores and maintains part of the index and answers
queries by sending back subsets of the result. The servers communicate using traditional message
passing techniques like remote procedure calls (RPCs). Such approaches have been designed under
the assumption that the network is the main bottleneck. However, with the availability of high-
performance networks, e.g., InfiniBand, this assumption no longer holds.
RDMA-enabled networks provide high bandwidth (100 Gbps) and low latency (2 𝜇s) [20, 22].

Low latency is achieved through one-sided RDMA operations that directly access pre-registered
memory regions on a remote machine without involving its CPUs. However, efficient RDMA
communication must be carefully designed and often involves complex protocols with multiple
network roundtrips. Directly accessing the memory of remote servers allows for memory nodes
with near-zero computation power, load balancing, and shared memory usage across server lakes
in data centers [23, 45].
Memory disaggregation is a new hardware architecture that physically separates monolithic

compute and memory resources into two independent network-attached components [12, 21, 30,
32, 35, 60]. Compute nodes are equipped with strong computation power (i.e., many CPU cores) and
a small amount of main memory (a few GBs) for caching hot data.Memory nodes are equipped with
large amounts of main memory but have near-zero computation power (intended for lightweight
management tasks). Compute nodes can directly access the memory locations of the memory
nodes through high-speed RDMA networks. In contrast to traditional architectures with monolithic
servers, memory disaggregation allows for scaling compute power and memory independently and
thus significantly improves resource utilization as well as elasticity [1, 53, 65].
In this paper, we design an efficient distributed in-memory inverted list index – an important

standard data structure in information retrieval and database systems – for disaggregated memory
architectures. We revisit key techniques, such as term-based and document-based partitioning, and
evaluate their performance in disaggregated memory scenarios. Conventional message passing
with RPCs is not feasible in disaggregated memory due to the low computational resources of
the memory nodes. Adapting the existing partitioning techniques to a disaggregated memory
architecture raises serious scalability issues: term-based partitioning leads to skewed network
access to the memory nodes; document-based distribution suffers from high latency and increased
network contention due to many network roundtrips that are required. We face the challenge of
developing a new technique that adopts the features of existing techniques without suffering from
their shortcomings. Various careful design decisions are required to achieve this goal, taking into
account the specifics of the disaggregated memory setting.
To address the limitations of existing distribution schemes, we design a new partitioning tech-

nique that divides the lists into fixed-size blocks and spreads them uniformly across the memory
nodes. The blocks are connected via remote pointers. Short lists are accessed with a single network
roundtrip, and long lists are read from different memory nodes to evenly balance the network
traffic.

Our index structure is designed to support update operations, which have received little attention
in literature: an insert (delete) operation inserts (removes) a new item into a given list preserving
the order. Updating long inverted lists without sacrificing read query performance is challenging.
To enable efficient dynamic index operations, we support lock-free reads and use write locks on
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blocks to address write-write conflicts. For update operations, fine-grained write-locks are desirable
since only small parts of the list (a single block) must be locked rather than the entire list. Similar to
insert operations in B-trees, when an insertion exceeds the block capacity, the block is split and its
items are distributed. This requires remote memory allocation and is realized using lock-free remote
accesses to free lists on the memory nodes. Deleting items may lead to empty blocks, which induces
critical paths such as remote pointer swapping and block deallocation. We implement pair-wise
pointer-block tagging to mitigate synchronization issues such as the ABA problem. For a high read
performance, our index structure supports lock-free reads by validating blocks with cache-line
versions to detect conflicting updates [20]. To the best of our knowledge, the proposed method
is the first distributed inverted list index that has been specifically designed for disaggregated
memory.

Contributions. The main contributions of this paper are the following:
(1) We identify the performance bottlenecks of state-of-the-art inverted list indexes for disaggre-

gated memory settings.
(2) The design of the first inverted list index for disaggregated memory. Compared to prior

distributed indexes, our index (a) avoids skewed network traffic even when the data or the
queries are skewed, (b) the compute memory is independent of the index size, (c) short lists
are read in a single roundtrip.

(3) Our index supports lock-free read operations and fine-grained write-locks for fast concurrent
updates.

(4) An extensive performance study demonstrates the scalability of our approach on various
real-world benchmarks.

Paper Outline. We discuss applications in Section 2 and provide background information in
Section 3. Section 4 defines our objectives and identifies major challenges for developing an efficient
distributed inverted list index under memory disaggregation. We revisit traditional partitioning
approaches in Section 5. In Sections 6-8, we propose our new index, introduce updates, and discuss
memory management. Section 9 presents our experimental study. Related work is discussed in
Section 10, and Section 11 concludes the paper.

2 APPLICATIONS
Inverted list indexes are widely adopted in a range of applications to efficiently process search
queries. This section briefly summarizes the most common usage scenarios in different domains.

Information Retrieval. Queries are keywords (terms), and documents are fetched using inverted
list indexes [4, 5, 13, 19, 25, 58]. A list represents a term that stores all identifiers of those documents
that contain the term. A query returns either all document identifiers that share the terms given in
the query (i.e., the result is the intersection of the lists) or the document identifiers that contain at
least one of the terms (i.e., the result is the union of the lists).

Query Processing. To speed up predicate evaluation of SQL queries, many database systems
precompute lists of row ids that satisfy a certain predicate and store them in an index structure [7, 43,
49, 54]. Thus, a list represents a specific predicate. As an example, consider the following SQL query
that computes the yearly revenue after 1992 for a specific product brand in the European region:

SELECT sum(lo_revenue), d_year, p_brand

FROM lineorder_flat

WHERE s_region = 'EUROPE' AND p_brand = 'MFGR#2239' AND d_year >= 1993

GROUP BY d_year, p_brand;
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The WHERE-clause of the query can be reduced to an intersection query of three lists of row ids
where each list satisfies one of the three predicates, e.g., the first list contains all row ids of the
table lineorder_flat where s_region is equal to EUROPE and so on.

Graph Analytics. In graph analytics, a list represents all vertices adjacent to a given vertex [17].
For example, a follower-graph of a social network, where an inverted list represents a user that is
followed by the users in the list. A query returns common followers between a group of people.

Other Applications. Inverted list indexes are utilized for efficient query answering in numerous
other applications. In similarity search, an inverted list index is built to detect candidates (objects that
are potentially similar to each other) [28, 42]. In data warehouse applications, bioinformatics, and
survey-based statistical analysis, inverted list indexes are employed for efficient multi-dimensional
on-the-fly analysis in data mining systems [34, 36].

3 BACKGROUND
In this section, we concisely describe the fundamentals of memory disaggregation, RDMA, and the
inverted list index structure.

3.1 Memory Disaggregation
Memory disaggregation physically decouples traditional monolithic servers into two hardware
units: compute and memory nodes. Compute nodes have high computation power (i.e., many CPU
cores) but only a few GBs of main memory, for instance, to cache hot data or store translation tables.
In contrast, memory nodes have near-zero compute power (i.e., only a few CPU cores to handle
elementary maintenance tasks) but large amounts of main memory. Data records and indexes are
distributed among the memory nodes and stored in main memory, whereas computation tasks –
such as querying the index or analyzing the data – are performed solely on the compute nodes.
Therefore, memory and compute power scale independently: If more storage is needed, the memory
nodes are scaled up, and if more compute power is required, the number of compute nodes is
increased. For efficient memory disaggregation, compute nodes need direct access to the memory
of remote nodes, which is enabled through modern networks that support RDMA.

3.2 RDMA
Remote Direct Memory Access (RDMA) is a high-performance network communication mechanism
with low latency and primarily leveraged through InfiniBand networks. The main benefit is that
remote memory can be accessed directly and efficiently, which is a key requirement to enable
memory disaggregation.

RDMA Verbs. There are two types of communication primitives, so-called verbs, for RDMA:
one-sided and two-sided verbs. One-sided verbs consist of RDMA_READ, RDMA_WRITE, and atomic
operations (compare-and-swap and fetch-and-add); they require only one active side. For instance,
a client node can read from the memory of a remote machine by specifying the remote address of a
pre-registered memory region without involving the CPU of the remote machine. Two-sided verbs
consist of SEND and RECEIVE operations and are similar to socket-based communication. Two-sided
verbs are applicable to traditional message passing (e.g., by implementing RPCs), where the remote
machine must posts a RECEIVE before another machine can issue a SEND request. For disaggregated
memory architectures, only one-sided verbs are eligible, because two-sided verbs also involve the
CPU of the remote machine. Therefore, we focus on one-sided RDMA verbs in this work, which
effectively access memory servers with near-zero computation power.
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RDMA Communication. To communicate among nodes, queue pairs (consisting of a send and
a receive queue) and completion queues are created to establish an RDMA connection. For example,
if a client node reads from remote memory, the software layer posts a work queue element (WQE)
into the send queue of the queue pair that is connected to the target machine. The WQE specifies
meta data such as the remote address, the size to read, and the address of the client’s local buffer
(to which data is read from remote memory). The RDMA network interface controller (NIC) pushes
a completion event into the completion queue as soon as the request has been processed. The
finalized request can be detected by polling the completion queue. We refer to Ziegler et al. [61] for
more details.

3.3 Inverted List Index Structure
We stick to the terminology used in information retrieval and assume a collection of so-called
documents 𝑫 of size |𝑫 |, each of which contains one or multiple terms, e.g., a document can be
a sequence of words in a particular vocabulary. The set of distinct terms over all documents is
the universe 𝑼 of size |𝑼 | with 𝑡𝑖 , 0 < 𝑖 ≤ |𝑼 |, being the 𝑖-th term in 𝑼 . The 𝑗-th document of our
collection 𝑫 is a subset of 𝑼 and has a unique document identifier 𝑑 𝑗 , 0 < 𝑗 ≤ |𝑫 |. An inverted
(list) index maintains one list 𝑳𝑖 for each term 𝑡𝑖 ∈ 𝑼 , and 𝑳𝑖 stores one document identifier 𝑑 𝑗 (also
called item) for each document that contains 𝑡𝑖 . Entries in a list 𝑳𝑖 are unique and strictly ordered
by document identifiers.

4 INDEX BLUEPRINT & CHALLENGES
This section introduces a blueprint of an efficient and scalable distributed inverted index for very
large documents in a memory-disaggregated database system. To this end, we specify prerequisites,
formulate objectives, and identify potential challenges.

4.1 Index Operations
Let 𝑡𝑖 be a term and 𝑳𝑖 the corresponding list,𝑑 𝑗 be a document identifier, and {𝑡𝑖1 , 𝑡𝑖2 , . . . , 𝑡𝑖𝑘 } be a set
of𝑘 distinct termswith 𝑖ℎ ∈ N+. Then, the following operations are common for inverted list indexes:
(1) 𝑙𝑜𝑜𝑘𝑢𝑝 (𝑡𝑖 ): Return 𝑳𝑖 , or ∅ if 𝑳𝑖 does not exist. (2) 𝑖𝑛𝑠𝑒𝑟𝑡 (𝑑 𝑗 ): Add 𝑑 𝑗 to the lists of all terms that
appear in the corresponding document while maintaining the ordering (possibly creating new lists).
(3) 𝑑𝑒𝑙𝑒𝑡𝑒 (𝑑 𝑗 ): Remove 𝑑 𝑗 from the lists of all terms that appear in the corresponding document
(possibly removing existing lists). (4) 𝑖𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡 ({𝑡𝑖1 , . . . , 𝑡𝑖𝑘 }): Return the document identifiers that
appear in all lists, i.e., {𝑑𝑥 | 𝑑𝑥 ∈

⋂𝑘
ℎ=1 𝑳𝑖ℎ }. (5)𝑢𝑛𝑖𝑜𝑛({𝑡𝑖1 , . . . , 𝑡𝑖𝑘 }): Return the document identifiers

that appear in at least one of the lists, i.e., {𝑑𝑥 | 𝑑𝑥 ∈
⋃𝑘

ℎ=1 𝑳𝑖ℎ }.

4.2 Objective
Memory nodes store the inverted list index and do not execute any computations. All index
operations are performed by the compute nodes by remotely accessing the contents of the memory
nodes. Our overall objective is to design a highly scalable distributed in-memory inverted list index
for disaggregated memory systems with efficient support for all index operations (cf. Section 4.1).

4.3 Challenges
We identify five major challenges C1 – C5 that must be addressed for an efficient and scalable
distributed in-memory inverted index under disaggregated memory.

C1 Data & Access Skew. Skewed data and accesses are common problems for inverted indexes,
e.g., the word frequency of spoken language follows a power law distribution. Some terms may
appear more frequently than others, resulting in lists of different lengths. Similarly, some terms
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may be queried more often than others resulting in access skew. In the worst case, the load of all
query terms goes to one memory node, thus network-bounding the throughput.

C2 Small Memory. Compute nodes are equipped with only a few GBs of main memory (we use
10 GB), which affects memory efficiency as well as runtime performance. Every thread running
on a compute node has a separate local buffer, hence the memory is split among all threads. For
example, the theoretical max. local buffer size for 32 threads is 312 MB, which renders loading
multiple lists infeasible (e.g., the longest list in CCNEWS has 170 MB).

C3 Network LatencyMasking. Despite low-latency remotememory access inmodern networks,
masking latency is indispensable for a scalable distributed index structure. Compared to local
memory latency (≈ 0.1 𝜇s), remote memory latency (≈ 2 𝜇s) is still an order of magnitude higher.
Thus, the challenge is to mask latency as effectively as possible by interleaving operation and
network communication (for intersection/union in particular).

C4 Minimum Network Roundtrips. Data skew may result in short lists and we need more
roundtrips to access them in case the lists are partitioned among many memory nodes. The more
roundtrips, the more contention on the NIC, and the higher the latency. The challenge is to keep
the number of roundtrips low even for many short lists, otherwise the overall throughput will
significantly drop.

C5 Remote Index Updates. Most previous work only briefly considers update operations on
distributed inverted indexes. Aside from read accesses, our goal is a distributed inverted list index
with support for two update operations: insertion and deletion. The sort order of the lists must be
maintained by updates. This requires us to develop a suitable data layout, a concurrency control
scheme that provides consistency, a verification mechanism to detect read-write conflicts, and an
efficient memory management technique.

5 STATE OF THE ART
In this section, we revisit state-of-the-art approaches for distributed inverted list indexing and
discuss their performance in a disaggregated memory setting.

A1

M1 M2 M3 M4

B1 D1
E1

F1
G1

B2
A2

A3

A4

C2 E2 G2F2

B3

B4

D3 E3 G3

C1

D4 E4 G4

t5 t6t3 t4t1 t2 t7

M1

M2

M3

M4

0

4

1 2 3

5 6 7

0

4

1 2 3

5 6 7

0

4

1 2 3

5 6 7

0

4

1 2 3

5 6 7

A1
M2:0

A5
M2:1

B1
M2:2

C2
M2:3

C6
/

D4
M2:5

E3
/

F4
M3:7

M1

A3
M4:0

A7
M4:1

B3
/

C4
M4:3

D2
M4:4

E1
M4:5

F2
M4:6

G1
M3:7

A2
M3:0

A6
M3:1

B2
M3:2

C3
M3:3

D1
M3:4

D5
/

F1
M3:6

F5
/

A4
M1:1

A8
/

C1
M1:3

C5
M1:4

D3
M1:5

E2
M1:6

F3
M1:7

G2
/

M3

M2

M4
A

B

C
D

E

F

G

C3

C4

D2

F3

F4

t5 t6t3 t4t1 t2 t7

(a) Term-based

A1

M1 M2 M3 M4

B1 D1
E1

F1
G1

B2
A2

A3

A4

C2 E2 G2F2

B3

B4

D3 E3 G3

C1

D4 E4 G4

t5 t6t3 t4t1 t2 t7

M1

M2

M3

M4

0

4

1 2 3

5 6 7

0

4

1 2 3

5 6 7

0

4

1 2 3

5 6 7

0

4

1 2 3

5 6 7

A1
M2:0

A5
M2:1

B1
M2:2

C2
M2:3

C6
/

D4
M2:5

E3
/

F4
M3:7

M1

A3
M4:0

A7
M4:1

B3
/

C4
M4:3

D2
M4:4

E1
M4:5

F2
M4:6

G1
M3:7

A2
M3:0

A6
M3:1

B2
M3:2

C3
M3:3

D1
M3:4

D5
/

F1
M3:6

F5
/

A4
M1:1

A8
/

C1
M1:3

C5
M1:4

D3
M1:5

E2
M1:6

F3
M1:7

G2
/

M3

M2

M4
A

B

C
D

E

F

G

C3

C4

D2

F3

F4

t5 t6t3 t4t1 t2 t7

(b) Document-based

Fig. 1. Partitioning schemes.

5.1 Term-based Partitioning
In term-based partitioning [3, 27, 51], the index is vertically divided as shown in Figure 1a. Hence,
an entire list 𝑳𝑖 for a term 𝑡𝑖 is stored on a predefined memory node. The memory node for a term
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is typically determined such that the load distribution remains in balance [15]. For example, choose
node 𝑴 with smallest cost, where the cost is the number of total list items already stored on 𝑴 .
Term-based partitioning can be easily adopted to the disaggregated memory architecture. We

store the lists compact on the memory nodes and each compute node stores a catalog (i.e., a
hash-table) that returns a remote address range for a term 𝑡𝑖 . The remote address range encodes the
memory node id and an address tuple with references to the beginning and the end of the list in
remote memory. The catalog’s response is stored in 16 Byte: Two times 48 bits for the addresses
(the virtual address space of modern machines is 248) and the remaining bits to encode the memory
node. Note that the catalog is shared among all threads on a compute node and its size depends on
the universe size, i.e., O(|𝑼 |). In most cases, the catalog requires a few hundred MBs that can be
cached in the memory of a compute node. For instance, the catalog of our largest dataset CCNEWS
with 29M terms requires approx. 472 MB. If the catalog size exceeds the compute node’s memory,
the catalog can be stored on the memory nodes and partially cached on the compute node.

To query the index with {𝑡𝑖1 , ..., 𝑡𝑖𝑘 }, a worker (i.e., a compute thread) on the compute node first
requests the remote addresses from the catalog and reads the lists 𝑳𝑖 𝑗 , 0 < 𝑗 ≤ 𝑘 , from remote
memory into a contiguous buffer using RDMA_READs. The list operation (e.g., an intersection) is
performed locally and the result is reported. For efficient list operations, all required lists must be
locally available. A 𝑘-way intersection is then computed by cycling through 𝑘 ordered lists and
reporting the ids that occur 𝑘 times.

The major benefit of term-based partitioning is the minimum number of network roundtrips C4 :
Each list involved in a query 𝑞 is read only once from a single memory node to the worker’s
local buffer, resulting in |𝑞 | roundtrips. Figure 2 shows the throughput of TermBased for different
scenarios using five compute and four memory nodes (cf. Section 9 for details on the setup).
TermBased scales well for uniform list accesses and list sizes (cf. Figure 2b).

Limitations. TermBased is susceptible to access skew (a realistic scenario): If specific terms
are queried more frequently than others, the throughput is bound by the network bandwidth of
the hot memory nodes C1 . In Figure 2a, the throughput is bound by a single memory node (worst
case). Moreover, a worker in TermBased must wait until all lists are available in the local buffer
before performing an operation C3 . As a result, workers straggle if they wait for long lists to be
copied from remote memory into the local buffers. Finally, all queried lists must fit into a worker’s
local buffer C2 .

5.2 Document-based Partitioning
Another popular distribution scheme is document-based partitioning [11, 18, 26], where the index
is partitioned horizontally as shown in Figure 1b: Each memory node logically stores all the terms,
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however, the lists are partitioned by document identifiers across the memory nodes. In other words,
each document is assigned to a dedicated memory node (e.g., by using a hash function) and each
memory node stores its own local index.

In traditional message passing frameworks, a query is sent to all memory nodes. Each memory
node queries its local index, computes a partial result, and sends it back to the compute node, which
combines the partial results to a final query response. This, however, is not possible under memory
disaggregation, where the memory nodes have near-zero computation power, and pushing list
operations to the memory nodes would drastically limit the scalability.

Nonetheless, we can deploy the partitioning scheme to the disaggregated memory architecture
and RDMA_READ the partial lists of each memory node into the local buffer of a worker and compute
the result. This can be done incrementally: first, we RDMA_READ for each query term in {𝑡𝑖1 , ..., 𝑡𝑖𝑘 }
the partial lists stored on the first memory node and compute the partial result, then the lists of
the second memory node, and so on. For each memory node, the local buffer of the worker can be
reused, leading to a smaller memory footprint on the compute nodes. When using more than a
single local buffer per worker, the network transfer and the list operation can be interleaved, which
boosts query performance because the network latency is masked to some extent C3 . Moreover,
partitioning the index at the document-level leads to a finer granularity than partitioning the index
on the list-level. Therefore, the inverted lists of the index are better balanced among the memory
nodes and the index is less prone to skewed accesses C1 compared to TermBased as shown in
Figure 2a.

Limitations. Unfortunately, the number of roundtrips does no longer depend on the query size
|𝑞 | alone but also on the number of memory nodes |𝑴 |. Hence, for each query term, we must post
an RDMA_READ per memory node, leading to |𝑞 | · |𝑴 | roundtrips C4 . As a result, the performance
will significantly drop if many partial lists are short, e.g., the partial lists for term 𝑡7 in the example
of Figure 1b. The consequences are shown in Figure 2b, where the lists contain 128 items (4 Byte
per item) on average. Note that the performance decreases with an increasing number of memory
nodes. Another limitation is that each compute node stores a catalog that returns for a term 𝑡𝑖 the
remote address ranges for each memory node, because all memory nodes store parts of all lists C2 .
In contrast to TermBased, the catalog needs |𝑴 | times more space: O(|𝑼 | · |𝑴 |).

6 OPTIMIZING READ OPERATIONS
Most message passing distributed inverted list index implementations make use of document-based
partitioning due to better scalability in traditional (slow) network architectures [15, 46]. However,
message passing is not efficient under memory disaggregation and adapting both methods to the
disaggregated memory architecture (TermBased and DocumentBased, respectively), introduces
severe limitations as shown in Figure 2. A term-based index struggles with skewed network
accesses C1 , requires large local read buffers C2 , and cannot efficiently mask network latency C3

(cf. Section 5.1). The document-based scheme requires significantly more roundtrips (dependent
on the number of memory nodes) C4 , needs more space for the catalog C2 , and also, suffers from
large local read buffers C2 (cf. Section 5.2). Therefore, we seek for a simple yet efficient solution to
circumvent those limitations.

In this section, we introduce the concept of block-based partitioning to optimize the performance
of a distributed inverted list index under memory disaggregation and discuss how this scheme
overcomes the aforementioned problems.
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Fig. 3. Block-based partitioning: a pointer to a subsequent block is stored at the end of a block, red blocks

indicate the beginning of a list, and pointers to red blocks are stored in the catalog.

6.1 Block-based Partitioning
The intuition of block-based partitioning is to divide the lists into fixed-size chunks, further called
blocks, and distribute them uniformly across all memory nodes. Blocks that belong to the same
list are connected via (remote) pointers as a singly linked list. Figure 3 illustrates block-based
partitioning. The fine granularity of the partitioning scheme has several advantages with respect
to traditional methods. Next, we describe how lists are processed in the block-based distribution
scheme, the structure of a worker’s local buffer, and discuss block prefetching.

Fetching and processing the lists for query processing in BlockBased works as follows: First, we
RDMA_READ the first block of each list that is involved in the query from remote memory into the
first row of the local buffer. The local buffer of a worker can be considered an array of blocks with
two rows as shown in Figure 4. The first row stores one block per query term and the second row
is used to prefetch linked blocks. The remote address of the first block of a list is stored in a catalog
once per compute node, similar as for TermBased. However, the size of the catalog is smaller: the
list’s end addresses are not required because the blocks are fixed-size. Hence, the catalog size is
the size of the universe times 8 Byte (the size of a remote pointer), i.e., O(|𝑼 |). The remote pointer
encodes the address that points to the block on the memory node with 48 bits and the memory
node with the remaining 16 bits.

Fig. 4. Local buffer of a worker.

If the first row is ready (i.e., a completion
event has been polled), we visit the blocks (that
have been copied to our local buffer) with non-
null remote pointers to post RDMA_READs for
prefetching succeeding blocks. A local block
of the second row is passed as a target buffer,
the destination to which the NIC copies the
data read from remote memory. A null pointer
indicates the end of a list.
Next, we can start with the operation (e.g.,

𝑘-way intersection). As soon as we hit the end
of a block that is not marked as the end of the
list, we move to the next (prefetched) block in
the local buffer (e.g., from B1 to B2 in Figure 4). If the data in the next block has not been read yet,
we stall for the completion event. Otherwise, i.e., the block is ready (for instance, D2), we again
first check the remote pointer to prefetch the next block by reusing the previously processed block
(D1) in the local buffer. We keep processing until the operation has been completed.
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6.2 Addressing Scalability Challenges
Next, we describe how BlockBased improves the scalability limitations C1 – C4 of the traditional
methods.

C1 Dealing with Skewed Accesses. In contrast to term-based partitioning, skewed workloads
do not overload individual memory nodes due to the fine granularity of the blocks with size 𝑩. A
list of size |𝑳 | is partitioned into ⌈|𝑳 |/𝑩⌉ blocks that are distributed round-robin to the memory
nodes (cf. Figure 3). Reaching a list that consists of at least |𝑴 | blocks will involve all memory
nodes, which balances the network traffic uniformly as shown in Figure 2a.

C2 Reducing the Local Buffer Size. Each worker needs some free resources on the compute
node, to which the NIC can copy the data that is read from the memory nodes. For TermBased
and a query 𝑞, the local buffer of a worker must fit all |𝑞 | lists to compute the operation (e.g.,
intersection) efficiently, i.e., the space complexity is O(|𝑞 | · |𝑫 |) in the worst case, where |𝑫 | is the
number of documents in the database. This becomes a severe problem if the lists are sufficiently
large because memory is limited on the compute nodes. For DocumentBased, this is slightly better
because the lists are partitioned by the number of memory nodes, hence O(|𝑞 | · |𝑫 |/|𝑴 |).
To deal with space limitations, a common approach is to read and process only two lists at a

time. Unfortunately, this work-around comes at the cost of increased runtime complexity for list
operations: The 𝑘-way intersection is replaced by a sequence of 2-way intersections and the union
operator must repeatedly scan increasing intermediate result lists to obtain the final result. To
efficiently support all index operations (cf. Section 4.2), all 𝑘 lists must be (partially) available,
leading to large local buffer sizes for TermBased and DocumentBased.

BlockBased innately complies with this objective and requires only 2 · |𝑞 | · 𝑩 space per worker,
where 𝑩 is the block size. Hence, the local buffer size does not depend on the list size and the space
complexity reduces to O(|𝑞 |). This is an important feature for the disaggregated memory setting as
the index can grow arbitrarily large without requiring more memory on the compute nodes.

Example 6.1. Consider an average list size of 100 MB and assume that each worker issues
queries of at most size 6. 32 TermBased workers require a total local buffer size of 19.2 GB, for
DocumentBased we need at least 4.8 GB (with |𝑴 | = 4; no prefetching), and for BlockBased only
384 KB (with 𝑩 = 1 KB) of memory on the compute node is required. We discuss the choice of a
useful block size 𝑩 in Section 6.3.

C3 Masking the Network Latency. Another important benefit of processing lists in block is
that the operation (e.g., computing the intersection) is interleaved with the network communication
(reading lists from remote memory). In other words, the network latency is masked by computing
list operations, which significantly improves performance for long lists. Unfortunately, this is
difficult to implement for TermBased (and DocumentBased) because the completion event is only
generated when a (partial) list has been read and copied entirely, i.e., during the read process, we
do not have progress information that allows us to operate on partial lists. A work-around would
be to split the RDMA_READ operations into multiple smaller ones and then carefully check which
parts of the lists have been already read, which somehow resembles the BlockBased approach but
yet does not solve C1 for TermBased and C4 for DocumentBased.

C4 Minimizing Network Roundtrips. More roundtrips result in a higher network load, i.e.,
more contention on the NIC. Therefore, reducing network roundtrips may significantly increase
the throughput. In particular, when reading small data fragments from remote memory, the latency
negatively impacts the overall throughput. Applied to our scenario, the number of roundtrips must
kept low, especially, when the lists are short. TermBased requires only |𝑞 | (the number of terms in
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a query 𝑞) roundtrips, i.e., one roundtrip per list, which is minimal. In contrast, DocumentBased
needs |𝑞 | · |𝑴 | roundtrips, where |𝑴 | is the number of memory nodes. The negative impact of
|𝑴 | times more roundtrips on short lists is visible in Figure 2b (|𝑴 | = 4). BlockBased with a
sufficiently small block size solves this challenge (resulting in good scalability) because the number
of roundtrips depends on the list sizes, i.e., for short lists (≤ 𝑩), only a single roundtrip per query
term is required to retrieve the entire list. For long lists, BlockBased masks the network latency by
prefetching subsequent blocks C3 . We discuss the choice of the block size in the following section.

6.3 Discussion
Traditional distribution schemes introduce severe scalability limitations and cannot deal with
skewed accessed C1 , require large memory resources on the compute nodes C2 , do not mask
network latency sufficiently C3 , or involve too many network roundtrips for reading lists from
remote memory C4 . The BlockBased approach for memory disaggregation partitions the lists into
fine-granular chunks that are distributed across the memory nodes and successfully addresses the
aforementioned challenges. In particular, BlockBased combines the benefits of existing techniques
while avoiding their drawbacks under memory disaggregation.

Implications of the Block Size. Large blocks lead to a better network utilization because RDMA
verbs saturate the network bandwidth for message sizes greater than 2 KB [6]. The downside of
large blocks is the unused space at the end of each list that increases the space requirements on
the memory nodes. This effect is particularly pronounced for short lists that cannot fill an entire
block. For example, the CCNEWS dataset consists of approximately 29M lists with many short
lists containing only a few items. On the memory nodes, we need in total at least 29M blocks,
i.e., 29M times 𝑩 of memory. With 𝑩 = 4 KB, the lists are over-provisioned and at least 116 GB
of main memory is required (accumulated over all memory nodes), although the actual index
size of CCNEWS is only 71 GB. Moreover, reading sparsely populated blocks over the network
increases the network latency since superfluous data is transferred. The effect is shown in Figure 2b:
BlockBased with 1 KB blocks does not saturate the network, while BlockBased512 with 512 Byte
blocks achieves a throughput close to the theoretical bandwidth bound for 160 compute threads.
Small blocks improve memory utilization but lead to more network roundtrips if the lists are large.
Hence, the choice of the block size is dataset-dependent. Nonetheless, in our evaluation on various
real-world datasets, we found that 1 KB blocks are a good trade-off between memory usage and
network performance.

7 INDEX UPDATES
In this section, we address challenge C5 and propose efficient index updates for the BlockBased
indexing scheme.
Updates in inverted list indexes have received little attention in previous work [8, 9, 33, 64].

To reduce the number of list accesses, some works propose to collect updates and apply them in
batches. In this work, we aim for incremental list updates such that the updates are immediately
visible. We distinguish read and update queries: Read queries retrieve one or multiple lists, for
example, for an intersection query. Update queries modify the index structure and either insert or
delete items to/from inverted lists (cf. Section 4.1).

Next, we discuss an optimistic concurrency control scheme for parallel updates, develop a data
layout for the index blocks, propose an algorithm for index updates, and discuss read-write conflicts.

Concurrency Control. We expect a reading-heavy query load for our inverted list index, there-
fore, a high read performance is inevitable. In a pessimistic scheme, the reader locks (e.g., with
a shared lock) the block such that no updater can modify the items that the reader is currently
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accessing. In optimistic schemes, readers optimistically assume that no update has occurred and
detect modifications with a specified verification mechanism. Previous work has shown that (with
RDMA) optimistic concurrency schemes scale better than pessimistic ones [56, 62, 65] because
RDMA atomic bottlenecks are avoided. We stick to an optimistic concurrency scheme due to higher
scalability and implement lock-free read queries with verification to resolve read-write conflicts.
We apply block-grained write locks for update queries to resolve write-write conflicts.

7.1 Block Layout

P_TAG M OFFSET V

V DATA

cache line 1 … n-1

cache line n

DATA

DATA

remote pointer RDMA_CAS
16 10 38

…

64
B_TAG

Fig. 5. Layout of a block.

To support update queries, we enhance the block
layout introduced in Section 6. In addition to (1)
the data items (document identifiers), (2) the re-
mote pointer to the next block (or a null pointer),
(3) a verification mechanism to detect corrupted
data, (4) a lock flag to acquire write locks, and (5)
a tag to mitigate the ABA problem is necessary.
We add a version to each cache-line for verifica-
tion and encode in the last 8 Byte a lock bit for
write locks and a block tag (b_tag) to detect haz-
ardous deallocations. Verification with cache-line
versioning and tagging is discussed in Section 7.3.
The 8 Byte remote pointer encodes the memory
node, the offset in remote memory, and a pointer
tag (p_tag) that must match the block’s b_tag to which the pointer points to. Note that 38 bits are
sufficient for the offset because we address 1 KB blocks (248/210). Figure 5 outlines the block layout.

7.2 UpdateQueries
Update queries use a fine-grained block-based locking mechanism to resolve conflicts. An insert
(delete) query inserts (deletes) a given item (e.g., a document identifier) into (from) a list. For
instance, in information retrieval, a document (consisting of multiple terms) may be inserted into
the index. Then, the document identifier is inserted into all lists that represent the terms contained
in the document. In a follower-graph, a user id is inserted only into a single list (i.e., the user follows
another user). For consistency, an update query only modifies one list at a time. Hence, a query
that is expected to update multiple lists, is split into multiple (sub-) queries.
To update a list, the target block in the sort order of the list must be found, which is done by

scanning the list. Once the target block has been identified, the block is locked.

Remote Write Locks. Acquiring remote write locks is implemented as follows: Assume that the
block the updater wants to lock has already been copied by the NIC from remote memory into
the local buffer of the worker. Next, the block must be verified to guarantee that no concurrent
updater has corrupted the block while reading from remote memory. We describe verification in
Section 7.3 and assume for now that verification has been successful. We implement a spin lock
using the atomic RDMA_CAS verb, which compares an 8 Byte word to an address in remote memory
for equality and atomically swaps the remote value with a given input value if the comparison
succeeds. To acquire a lock on a block, the updater compares the last 8 Byte word of the local and
the remote block (cf. Figure 5) and tries to swap the value of the word such that the lock bit is
set. If the comparison is successful, the updater obtains the lock, otherwise the writer re-reads the
block from remote memory and tries again. Note that it is not sufficient to compare the lock bit in
isolation: (1) the version could have changed, i.e., another updater modified and already unlocked
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Algorithm 1: insert(item, term)

Input: The item to insert and the term representing the list.
1 𝐵← find_and_lock_block(item, term)

// split block

2 if 𝐵.size() + 1 exceeds capacity then
3 memory_node← Choose random memory node
4 𝐵new, r_addr← remote_allocate(memory_node)

5 Divide 𝐵.items ∪ {item} uniformly and in order
// adjust pointers, increase cache-line versions, and write block

6 𝐵new.next_ptr← 𝐵.next_ptr

7 𝐵.next_ptr← [𝐵new.b_tag; memory_node; r_addr]

8 𝐵new.increase_cacheline_versions()

9 RDMA_WRITE(𝐵new)

10 else
11 Insert item into 𝐵 and maintain ordering
12 𝐵.increase_cacheline_versions()

13 𝐵.WRITE_unlock()

the block just before we try to get the lock, or (2) the block tag has been incremented meanwhile,
i.e., the block has been deallocated (and maybe even reused). In the latter case, the updater must
restart the operation and start reading the list again. In Section 7.3, we show how versions and tags
are used to prevent reading faulty blocks from remote memory.

Insert Queries. After a block has been locked, we can insert the new item into the block (with
respect to the sort order) if there is enough space. Otherwise, the block must be split: we allocate a
fresh block 𝐵new from a randomly chosen memory node, evenly distribute the items among the two
blocks, adjust the pointers accordingly, and write back 𝐵new to remote memory. Remote memory
allocation is described in Section 8. Note that no other worker has access to 𝐵new at this time, thus
there is no need to lock 𝐵new. Finally, we increase the cache-line versions and unlock the block
by resetting the lock bit and posting an RDMA_WRITE to write back the block to the memory node.
Algorithm 1 summarizes the insertion query.

Fig. 6. Edge cases of update operations.

Example 7.1. Figure 6 (step 2→ step 3) shows an update query with block splitting. We want to
insert item c into list 𝑡2 and find block D, which is locked by the updater. Since there is no space
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available in D, a new block B is allocated, and the items are split evenly between D and B preserving
the order. The pointers are updated, the cache-line versions increased, and finally, the blocks are
written back to remote memory.

Delete Queries. Assume that the writer has already obtained a write lock on block B that contains
the item to be removed. The item is deleted and the order among the items is preserved. If block
B is empty after the deletion, an additional step is required to avoid empty blocks. To remove a
block from the linked list, we need to update the pointer of the predecessor to the successor of
the deleted block. Since B only stores the pointer to its successor 𝐵next but not to its predecessor,
we read, verify, and lock 𝐵next, move the items of 𝐵next to the current block 𝐵, and deallocate 𝐵next.
Remote deallocation is discussed in Section 8. Finally, we increase the cache-line versions, reset the
lock bit, and write back the block to remote memory. Algorithm 2 outlines the deletion operation.

Example 7.2. Consider Figure 6 (step 1→ step 2), where item a is removed from list 𝑡1. First, we
search the block containing the item (block A), lock the block, and delete the item. Block A is now
empty: we read, verify, and lock the next block (B) and move the items from B to A. The remote
pointer of A (cf. Figure 5) is replaced with that of B, and B can be safely deallocated (since it is
locked, no other worker has write access to B). The lock bit of block A is cleared and A is written
back to remote memory.

Algorithm 2: delete(item, term)

Input: The item to delete and the term representing the list.
1 𝐵← find_and_lock_block(item, term)
2 Delete item in 𝐵 and maintain ordering

// merge blocks

3 if 𝐵.is_empty() then
4 𝐵next← read_and_verify(𝐵.next_ptr)

5 𝐵next.lock()

6 𝐵.items← 𝐵next.items
// adjust pointer, increment tag, and deallocate empty block

7 𝐵.next_ptr← 𝐵next.next_ptr

8 𝐵next.b_tag← 𝐵next.b_tag + 1
9 remote_deallocate(𝐵next)

10 𝐵.increase_cacheline_versions()

11 𝐵.WRITE_unlock()

7.3 Detecting Read-Write Conflicts
Write-write conflicts are resolved with block-grained write locks, i.e., an updater cannot interfere
other updaters. Reads do not use any locks. Instead, read-write conflicts are resolvedwith verification
and retries to detect data corruption and faulty blocks. A read query optimistically assumes that
the blocks are not updated. However, if a concurrent modification occurs, data is potentially
corrupted. To guarantee correctness, we implement two verification mechanisms, block verification
and reusage detection, discussed in detailed below. The read and verification routine is shown in
Algorithm 3.

Block Verification. When a reader issues an RDMA_READ, a block is copied from remote memory
to the worker’s local buffer. Subsequently, the block is verified to detect whether a concurrent
updater has modified the block while the NIC was reading the block from remote memory. A 4 Byte
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Algorithm 3: read_and_verify(r_ptr)
Input: The remote pointer r_ptr to verify.
Output: The read and verified block in the local buffer.

1 𝐵← Get address of local buffer
2 do
3 𝐵← RDMA_READ(r_ptr)

4 if 𝐵.b_tag != r_ptr.p_tag then Restart operation
5 while !𝐵.verify_cachelines() or 𝐵.is_locked()
6 return 𝐵

version number is added to each cache-line in the block, similarly to the proposal by Dragojevic et
al. [20] (cf. Figure 5). An updater first locks a block, modifies the data (e.g,. inserts a new value),
increases all cache-line versions, and finally, unlocks the block. A reader query detects corrupted
data by comparing the cache-line versions. If all versions are equal, no modification has been
occurred and the data is correct, otherwise, the block must be re-read from remote memory.
Note that we need to version each cache-line. It is not sufficient to use version numbers at the

beginning and at the end of a block. The PCIe specification allows all cache-lines of a memory read
request to be handled concurrently and there is no guarantee on the processing order [62]. Hence,
data may be reordered at cache-line granularity (within an RDMA_READ operation) such that the
begin- and end-versions of a block may match, although an updater might have modified data in
between.

Reusage Detection. In addition to data corruption within a block, we must check whether the
block we read is indeed the expected block. To detect reused blocks and mitigate the ABA problem,
we use block and pointer tagging. Pointer tagging is a well-known technique in many concurrent
data structures [24]. Applied to our index structure, we associate a tag with a block (b_tag) and a
pointer tag (p_tag) to a pointer to that block (cf. Figure 5). When a new block is read, we post an
RDMA_READ to fetch the block and also pass the p_tag as the expected tag for verification. Once the
block has been copied from remote memory into the local buffer, we check whether the expected
p_tag and the b_tag match (cf. line 4 in Algorithm 3). In the case of a mismatch, the block has
been deallocated – on deallocation the block tag is increased – and possibly even reused, i.e., the
block may be part of another list. Then, the read operation is aborted and must be restarted.

Example 7.3. Consider Figure 6 and the following scenario: A worker𝑊1 starts reading list 𝑡1
and fetches the first block A into its local buffer; assume that verification succeeds. To prefetch
the next block,𝑊1 posts an RDMA_READ using the remote pointer stored in A. Next, an updater𝑊2
deletes item a in 𝑡1, deallocates block B, and increases the b_tag (cf. line 8 in Algorithm 2). The
intermediate result is shown in Figure 6 (step 2). Another updater𝑊3 inserts item c into 𝑡2. Since
there is no space available in block D, a new block is allocated, and block B is reused. Note that the
block tag (b_tag) of B is now 2. Also, this tag is installed as p_tag in the remote pointer of D (line 7
in Algorithm 1). Assume that the prefetching operation of𝑊1 has completed and block B is read
into its local buffer. However, block B is meanwhile part of another list, which𝑊1 is able to detect
by comparing the expected pointer tag (p_tag = 1) of A against the block tag (b_tag = 2) of B. Since
they do not match,𝑊1 restarts the operation (i.e., starts scanning list 𝑡1 from the beginning).

7.4 Fault Tolerance
A compute node that crashes while updating the index might leave a block in a locked state,
which must be detected for proper failure handling. For example, assume an updater𝑊1 wants
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to modify a block X, acquires a write lock on X, and subsequently crashes. Another worker𝑊2
(i.e., reader or updater) reads block X, detects that X is locked, and thus must retry. For failure
detection,𝑊2 additionally stores the cache-line version of block X (which is to be increased by𝑊1
after successfully modifying X). If the cache-line version remains unchanged over several retries
(mimicking a timeout),𝑊1 did not make any progress and a failure is assumed. After detection,
failure handling must be initiated at the system level (e.g., the database layer).

Failure handling, replication protocols, and recovery are beyond the scope of this work, and we
refer to RDMA-based strategies proposed in the literature, e.g., [29, 37, 52].

8 MEMORY MANAGEMENT
In this section, we describe how the space of a memory node is initialized and managed by the
compute nodes. The space of a memory node consists of three parts: (1) the pre-allocated data
blocks that store the partial lists, (2) a free list for memory allocation, and (3) a catalog that stores
the entry points of the lists that are located on this memory node as shown in Figure 7.
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Fig. 7. Layout of a memory node.

8.1 Free List
A free list keeps track of available blocks on the memory node. The free list is implemented as
a lock-free fixed-size stack consisting of 𝛽 many 4 Byte entries (where 𝛽 is the number of data
blocks). The 𝑖-th entry of the free list represents the 𝑖-th data block in the pre-allocated fixed-size
buffer. A head points to the first free block in the free list. Each entry in the free list points to the
next free block on the stack; a null value indicates the end of the list. Figure 7 shows the free list
initialized with F as the first available block. Note that the physical size of the free list remains
fixed and is not affected by (de-)allocations because pointers are only swapped logically.

Allocation. If a worker on a compute node allocates a new block, it first RDMA_READs the entries
of head (e.g., 5 in Figure 7) and head_next (6) – the value of list[head]. Then, the worker tries
to atomically swap head with head_next (by using an RDMA_CAS). The value of head is the block
position in the data buffer, i.e., the offset from the start address of the memory region is head ·𝑩,
where 𝑩 is the block size. Subsequently, list[head] is set to null. If the value of head is null, no
more space is left on the memory node.

Deallocation. For deallocating a block with offset 𝛼 on memory node 𝑴 , a worker RDMA_READs
head and RDMA_WRITEs the value of head to list[𝛼] – the free list of𝑴 . Then, the worker tries to
compare-and-swap head with 𝛼 . We repeat the whole process until the RDMA_CAS succeeds. For
example, if a worker wants to deallocate B (cf. Figure 7), it writes 5 (the current value of head)
to position 1 in the free list, and swaps head with 1. Note that only a single worker at a time can
deallocate a specific block since the block is locked (cf. Algorithm 2 line 5).
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Optimizations. We found that on high contention on head, i.e., manyworkers try to (de-)allocate,
the performance significantly degrades. We recommend to relax the sequential specification of the
free list (the concurrent stack) [24] by introducing 𝑘 heads, or in other words, using an array of 𝑘
free lists. When accessing the free list, one of the 𝑘 heads is chosen uniformly at random, which
significantly decreases contention. In our experiments, we set 𝑘 = 16, resulting in (𝑘 − 1)· 8 Byte
space overhead per memory node (8 Byte because RDMA_CAS operates on 8 Byte values only).

8.2 Catalog Updates
Each compute node stores a catalog (i.e., a hash map) that maps each term 𝑡𝑖 to the beginning block
of its list on the memory node (using a remote pointer). A serialized version of the partial catalogs
is stored contiguously on the memory nodes as shown in Figure 7. The catalog consists of a size
field (the number of beginning blocks), and size many (term, offset)-tuples. A new compute node
fetches the size of the catalog from each memory node, reads the serialized catalogs, and inserts
the values into its local hash map: the remote pointers are constructed by concatenating the block
offset with the memory node (p_tag remains zero for beginning blocks). In addition, the size field
for each memory node is stored locally on the compute node to enable lazy catalog updates.

Extending the Catalog. An update query may attempt to insert into a list that is not known to
the local catalog, for instance, when a new term occurs in a document. First, we check whether
another worker has already created the list by refreshing the catalog (as described below). If the
list does not exist, we try to atomically increase the size field of the serialized catalog using an
RDMA_CAS. If the compare-and-swap fails, we restart the catalog update procedure. Since we can
perform a remote atomic operation only on a single memory node, we globally fix the memory
node at which we insert a specific new term by using a hash function shared among all compute
nodes. This will avoid that another concurrent worker creates a list for the same term on a different
memory node resulting in different remote pointers for the same term.

Lazy Catalog Refresh. Before we insert a new term or read a list where the beginning address
is not available in the catalog, we must refresh the local catalog. The relevant catalog entries
are placed on a specific memory node, which is determined by a global hash function. To avoid
retrieving the entire catalog, we compare the locally stored size field against the remote value
on the memory node. If the values are not equal, we only RDMA_READ the difference, i.e., the last
sizenew - sizeold (term, offset)-tuples stored in the serialized catalog, which we insert into our
local catalog.

Space Requirements. The overall size of the catalog is 2 × 4 Byte per pre-allocated block plus
the space of the size field (8 Byte due to RDMA_CAS). The total size of the free list is 4 Byte per
pre-allocated data block plus the space for the head(s). Note that we use 4 Byte for the block offsets,
which is sufficient to address 4 TB of main memory (per memory node) with 1 KB blocks. On a
memory node with 𝑆 Bytes available, we can pre-allocate 𝛽 = ⌊(𝑆 − (8 + 8𝑘))/(𝑩 + 4 + 2 · 4)⌋ blocks
(𝑘 is the number of free list heads). For a block size of 1 KB (𝑩 = 210), the meta data (catalog and
free list) occupies less than 1.5% of the memory resources on a memory node.

9 EXPERIMENTAL EVALUATION
We analyze the different index designs using real-world and synthetic datasets, and evaluate the
performance and the scalability for read-only and mixed (read+write) workloads, respectively. Our
code is open source and publicly available1.

1https://github.com/DatabaseGroup/rdma-inverted-index
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Experimental Setup. All experiments were conducted on a 9-node cluster with five compute
nodes and four memory nodes. Each compute node has two Intel Xeon E5-2630 v3 2.40 GHz
processors with 16 cores (8 cores each; hyperthreading enabled) and the memory nodes have two
physical Intel Xeon E5-2603 v4 1.70 GHz processors with 12 cores (6 cores each). All machines run
Debian 10 Buster with a Linux 4.19 kernel, and are equipped with 96 GB of main memory and a
Mellanox ConnectX-3 NIC connected to a 18-port SX6018/U1 InfiniBand switch (FDR 56 Gbps). The
NIC is installed on a single NUMA socket, which inevitably leads to NUMA effects [47]. Therefore,
we allocate the memory on the socket of the NIC (using numactl2 and mmap3 with hugepages to
reduce address translation cache misses on the NIC [20]) and alternately assign worker threads to
both NUMA sockets on the compute nodes following Ziegler et al. [62]. To model a disaggregated
memory scenario, we limit a compute node’s memory size to 10 GB (shared among all compute
threads) and assign only a single CPU core to each memory node (similar to previous works [38, 56]).
To avoid queue pair thrashing on the NIC [20], we share 8 queue pairs among the workers per
compute node.

Baselines. We compare BlockBased with 1 KB blocks against two baselines, TermBased and
DocumentBased, which are implemented as described in Section 5. To leverage efficient list
operations, all methods operate on |𝑞 | lists at a time, where |𝑞 | is the query size.

Datasets & Workloads. We empirically evaluate TermBased, DocumentBased, and Block-
Based on three real-world datasets from different domains, i.e., information retrieval (CCNEWS),
query processing (SSB), and graph analytics (TWITTER), and one synthetic dataset with a uniform
distribution of terms and documents (TOY).

Table 1. Dataset and query characteristics.

CCNEWS TWITTER SSB TOY

D
at
as
et
s Raw index size 71 GB 7.7 GB 201 MB 764 MB

Number of documents 43,495,426 49,395,940 6,001,216 2,000,000
Number of terms 29,497,691 43,983,853 29 100,000

Q
ue
rie

s List size in query (avg) 7,076,710 60,188 1,812,920 2000
List size in query (max) 42,257,759 779,958 6,001,215 2218
Query size (avg) 6 5 3 5

CCNEWS is a collection of English news articles crawled from January 2016 to March 2018 [41]
and a standard benchmark for information retrieval. An article consists of terms (words) on which
we build the inverted list index. The queries are predefined and contain real queries selected from
different crowd workers [41].

TWITTER is a widely used dataset in graph analytics and consists of 53M vertices (users) and
2 billion edges (follows-a relationship) [16]. A list in the dataset represents an adjacency list of a
vertex. Since there are no queries available, we sample them uniformly at random. We generate
queries using the 𝑘 most popular users in terms of followers (𝑘=1000) drawn uniformly at random.

SSB is a star schema benchmark developed for performance measurements of data warehousing
applications [48]. The benchmark incorporates a single fact table (LINEORDER) along with four
dimension tables (CUSTOMER, SUPPLIER, PART, and DATE). We join the tables and build an inverted
list index using the evaluated predicates of the queries as discussed in Section 2. The predefined
2https://linux.die.net/man/8/numactl
3https://linux.die.net/man/2/mmap
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queries are based on the well-known TPC-H benchmark with different selectivities. We use the
queries: Q1.1, Q1.2, Q1.3, Q2.1, Q2.2, Q2.3, Q3.1, Q3.2, and the query of Wang et al. [54], which are
intersection queries using one or more AND operators in the WHERE clause.

TOY is a synthetic dataset that follows a uniform distribution. We sampled 2M documents with
an avg. size of 100, and 100k different terms distributed uniformly at random.
Table 1 summarizes the dataset and query characteristics. Raw index size shows the memory

footprint of the inverted index; Number of documents and terms is the total number of indexed
documents and the number of lists, respectively. For SSB, there are only 29 lists as only lists for
query terms are built (cf. small raw index size). List size in query is the avg. (max.) size of all queried
lists, and Query size is the avg. number of terms per query.

9.1 Read-Only Performance
In this section, we evaluate the throughput over the number of compute threads (5–160) in queries
per seconds [q/s] for read-only workloads with a focus on the computation-heavy intersection oper-
ation. Intersection is a key operation of inverted list indexes and computationally more challenging
than plain reads. Figure 8 shows the throughput results for all indexes and datasets. Notably, we
observe a high variance in absolute numbers due to varying list sizes for different datasets (i.e.,
intersection of long lists is more expensive than for short lists).
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Fig. 8. Throughput over the number of compute threads for read-only workloads (intersection).

For CCNEWS, DocumentBased slightly outperforms TermBased, which we attribute to the long
lists (up to 170 MB per list). Network communication interleaves with the (partial) list operation
because DocumentBased divides every list into four chunks (one per memory node), resulting
in higher overall throughput (cf. Section 5.2). However, large local buffers cause both approaches
to run out of memory for > 80 compute threads. Each compute thread has its own local buffer
whose size depends on the list sizes. Because we only read a fraction of 2/|𝑴 | per list (involved in
the query) from remote memory into local buffers, DocumentBased can utilize up to 80 compute
threads before running out of memory. The factor of 2 in the list fraction is due to the prefetching
of subsequent chunks of the lists to mask the network latency (cf. Section 5.2). In contrast, the avg.
memory footprint of BlockBased’s local buffers for 160 compute threads is 384 KB per compute
node. BlockBased’s fine-grained block partitioning also improves network latency masking,
resulting in a 1.3× higher throughput compared to DocumentBased for 80 compute threads. For
up to 20 compute threads, the throughput of DocumentBased and TermBased increases fast and
is about 1.4× higher than the throughput of BlockBased. This is a consequence of using small
(1 KB) blocks, which results in more network roundtrips and contention on the NIC. However,
the throughput of both DocumentBased and TermBased reaches a plateau for >30 compute
threads, whereas the throughput of BlockBased scales up to 60 compute threads, reaching its max.
throughput (≈145 queries per second) for ≥60 compute threads. Experiments with larger (2 KB)
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blocks reveal that the throughput of BlockBased increases at a similar rate as DocumentBased
while retaining the higher overall throughput. Nonetheless, we recommend small blocks to achieve
high throughput for reading short lists (cf. Section 6).

Despite considerably shorter lists (≈240 KB on avg.), the performance gap between Document-
Based and TermBased is larger for TWITTER. TermBased suffers from heavily skewed list accesses
(𝑴1 stores >50% of the queried lists), effectively underutilizing the network. BlockBased is not
susceptible to access skew and significantly outperforms the other approaches. We observe a similar
behavior for SSB, but the performance gap between DocumentBased and TermBased is smaller
as the majority of list accesses is uniformly distributed among all memory nodes. For TOY and
its short lists (8 KB on avg.), the throughput of the three approaches is comparable and network
latency masking becomes negligible.

Summarizing, BlockBased outperforms both DocumentBased and TermBased for >60 compute
threads on all instances. The fine-grained block partitioning interleaves remote memory accesses
and list operations, is not susceptible to access skew, and requires fewer network roundtrips.
It offers efficient list operations with a small memory footprint at the compute nodes, whereas
DocumentBased and TermBased quickly run out of memory, e.g., for CCNEWS.

9.2 Update Performance
In this section, we analyze the update performance of BlockBased with a focus on the insert
operation (cf. Section 7). We analyze the throughput and the scalability for mixed workloads with a
varying ratio of read/insert queries (up to 50% insert queries), and we evaluate how contention on
a few lists impacts the performance of read and update queries, respectively.
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Fig. 9. Throughput of BlockBased over the number of compute threads for mixed workloads (intersection).

For each dataset, we use 5% of the documents as insert queries (drawn uniformly at random).
The index is then built from the remaining 95% documents: All blocks are full and splits are likely
to happen. For example, we observe a block is split for more than 98% and 93% for CCNEWS and
SSB, respectively. To account for large differences in the number of terms per document among
our datasets, we split each query into single-term subqueries, each of which modifies exactly
one list at a time. For TWITTER, we insert the 𝑘=1000 most popular terms to model a common
scenario: users follow other users with many followers. We evaluate different read/insert ratios:
𝑞 ∈ {5%, 10%, 25%, 50%}.

Figure 9 shows the overall throughput (i.e., the number of mixed queries per second) over the
number of compute threads. At first, it may be counterintuitive that we observe a higher throughput
for an increasing ratio of insert queries. However, recall that a read query (1) accesses multiple
lists from remote memory and (2) computes the intersection of these lists, which is often more
expensive than updating a single list. This effect is particularly evident for datasets with long
lists (e.g., CCNEWS): The throughput increases up to 9× compared to the read-only workloads (cf.
Figure 8a). Overall, the update performance of BlockBased scales well in all instances.
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Reads versus Updates. We use the TOY dataset to study the interference of reads and updates.
To this end, we measure the throughput individually and collect additional statistics like the number
of read retries (i.e., failed verifications). We use a fixed number of two compute nodes (16 threads
per node, i.e., 32 threads overall) to execute read and update queries while increasing the number
of updates or reads, respectively.
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Fig. 10. Impact of read/insert interference.

Figure 10a depicts the read throughput (left y-axis) and the number of read retries (right y-axis)
over an increasing number of insert threads, respectively. To emulate medium and high contention,
the 32 read threads execute queries that involve 10 and 100 lists, respectively. We use 𝑧 insert threads
to interfere with read threads, i.e., they update the same lists. The remaining (32− 𝑧) insert threads
update only lists that are not touched by read threads to reduce network noise (fewer threads lead
to less contention on the NIC, which potentially reduces latency). Under high contention (10 lists),
the read throughput degrades sharply for 32 insert threads (up to 18× less throughput compared to
no contention) because verification keeps failing and read retries occur frequently. For medium
contention (100 lists), the read throughput decreases only by 2.3×.

Figure 10b shows the update performance over the number of reader threads. As expected, insert
throughput is stable since read threads do not interfere with insert threads due to lock-free reads.
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Fig. 11. Runtime comparison of single read and insert queries under mixed workloads.

Figure 11 depicts the runtimes of read and insert queries for our real-world datasets under mixed
workloads (different read/insert ratios). We observe a stable performance of BlockBased without
being sensitive to contention, e.g., TWITTER has the highest contention among our datasets
(read/insert from/to the 𝑘=1000 most popular terms) but BlockBased’s runtimes remain stable.
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9.3 Memory Efficiency
As disaggregated memory systems assume a limited amount of main memory, we benchmark the
memory footprint on the compute nodes. The catalog is stored once per compute node and its size
mainly depends on the universe size. Furthermore, each thread has a separate local buffer and we
track the memory that is actually consumed. Table 2 depicts the results for all three approaches
over all datasets, which confirm the memory efficiency of BlockBased.

Table 2. Memory footprint on compute nodes, i.e., catalog size (per node) and local buffer size (per thread).

CCNEWS TWITTER SSB TOY

Ca
ta
lo
g DocumentBased 1.4 GB 2.1 GB 1.3 KB 4.8 MB

TermBased 472 MB 703 MB 464 B 1.6 MB
BlockBased 236 MB 352 MB 232 B 800 KB

Bu
ffe

rs DocumentBased 640 MB 8 MB 28 MB 41 KB
TermBased 1.3 GB 8 MB 56 MB 82 KB
BlockBased 63 KB 20 KB 8 KB 20 KB

As expected (cf. Sections 5/6), DocumentBased has the largest catalog and BlockBased con-
sumes only half of the memory compared to TermBased. The size of the local buffer of BlockBased
is fully decoupled from the dataset size and requires only a few KBs. Contrarily, TermBased and
DocumentBased consume more memory, which also causes out-of-memory errors for CCNEWS.

10 RELATEDWORK
Distributed Inverted Indexes. Term-based [3, 27, 51] and document-based partitioning [11, 18,

26] have been proposed as the two major partitioning schemes for distributed inverted list indexes.
Subsequent work [15, 31, 44, 46, 50] addressed the network communication cost as the main bottle
of both schemes (in Ethernet networks). We deploy term-based and document-based partitioning
in the disaggregated memory setting and identify the root causes for low scalability. Furthermore,
we propose a distributed inverted list index for memory disaggregation on fast, RDMA-enabled
networks with a fine-granular partitioning scheme that divides lists into small blocks and spreads
them uniformly across all memory nodes.

Index Structures for Memory Disaggregation. Recently, various specific index structures
for memory disaggregation have gained much attention in literature. Wang et al. [56] introduce
Sherman, a distributed write-optimized B+-tree index under disaggregated memory with a focus on
write-intensive workloads and on-chip memory of RDMA NICs to enable fast exclusive locks. Zuo
et al. [65] propose RACE, an extendible hash index under memory disaggregation that supports
lock-free accesses and remote resizing. Wang et al. [57] propose dLSM, an optimized LSM-tree for
faster writes in disaggregated memory. Luo et al. [38] introduce SMART, an adaptive radix tree that
reduces read and write amplifications over B+-trees in memory disaggregation to further improve
performance. Optimistic concurrency control has become the standard for designing all of these
index structures (incl. ours). In addition to lookup/insert/delete, inverted list indexes are required
to compute the intersection or union of multiple lists. To the best of our knowledge, we are the
first to develop an efficient distributed inverted list index structure under memory disaggregation.

Optimizations & Related Problems. List compression has been used to trade additional de-
compression time to reduce memory usage [54, 59]. This orthogonal optimization can be applied
on top of our block-based partitioning: Divide the lists into blocks after compression and compute
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threads decompress a block once it is in their local buffer. For example, Simple8b [2] is a fixed-size
compression scheme (multiple integers are pooled into 64-bit words) that can be integrated into
BlockBased without substantial changes.
Ranking is a related problem that is common in information retrieval [10, 55]: Document iden-

tifiers in list 𝑳𝑖 are augmented with the frequency of term 𝑡𝑖 in this document. A query returns
only the 𝑘 most promising documents based on the frequencies. BlockBased can be extended to
support ranking: Read the augmented lists remotely and compute the result on the compute nodes.

11 CONCLUSION
We have shown that state-of-the-art partitioning schemes for distributed inverted list indexes are
not suitable for the disaggregated memory setting. We proposed a novel distributed inverted list
index that partitions lists into fixed-size blocks and distributes them across the memory nodes.
Processing lists in blocks interleaves remote accesses with list operations, prevents compute nodes
from running out of memory, and mitigates the effects of skew. We use optimistic concurrency
control for efficient and consistent updates, and a verification mechanism to detect read-write
conflicts. We empirically demonstrated the efficiency and scalability of our techniques on real-world
datasets and different workloads.
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