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Abstract

Today’s distributed data processing frameworks (DDFs) have
large memory and network transfer overheads because these
frameworks require that each node (server or VM) copy ob-
jects into local memory before processing. Emerging shared
disaggregated memory (SDM) clusters enable an alternate
approach because they allow nodes to access data in a shared
memory. However, using SDMs for DDFs is challenging: cur-
rent SDM clusters provide weak coherence guarantees, and
even for emerging SDMs coherence poses a scalability and
complexity challenge. Thus, to adopt SDMs, a DDF would
need to modify its logic and implement software coordination.
In this paper, we describe Duhu, an SDM-based object store
that is designed to allow DDFs to use SDMs without these
changes, simplifying their adoption. We have integrated Duhu
with Ray, and evaluated our system on an SDM cluster with a
prototype CXL-attached memory pool. We show that Duhu
can improve job completion time (JCT) by up to 3.39x on a
shuffle workload.

1 Introduction

Distributed data processing frameworks (DDFs), including
Ray [38] and Spark [60], play a crucial role in data analytics
and machine learning. These frameworks make it easy to
distribute program logic across multiple nodes (servers or
VMs), making it feasible to process large datasets.

Performance, scheduling flexibility, and fault tolerance
have long been concerns for these frameworks, and most
frameworks address these concerns by using in-memory ob-
ject stores to transfer immutable intermediate data between
nodes. These data stores decouple tasks that produce data
from those that consume them, thus allowing for more flexi-
bility in when (and where) tasks are scheduled and reducing
the amount of recomputation required when a node fails. By
storing objects in memory rather than on disk, performance
is greatly improved.

However, in-memory object stores incur significant over-
heads because, prior to access, they require that a node copy
the object into local memory. This copying consumes CPU
cycles (for serialization and deserialization) and network ca-
pacity (for the transfer). Furthermore, it increases the memory
required to execute a job so that it far exceeds the job’s mem-
ory footprint (i.e., the size of the job’s inputs, outputs, and
intermediate data).

Copying objects into local memory before access—a
paradigm we refer to as pass-by-value—is needed because,
until recently, processors could only access data in local mem-
ory. However, as the amount of data being processed by DDFs
increases, this paradigm is increasingly unsustainable. Thus,
we need to develop an alternative paradigm that eliminates
these overheads without compromising the performance, fault
tolerance, or scheduling flexibility of today’s DDFs.

Emerging shared disaggregated memory (SDM) clusters
provide an opportunity to move away from the pass-by-value
paradigm used by DDFs today. These clusters consist of sev-
eral memory blades that are connected to cluster nodes via a
dedicated fabric running protocols such as CXL [10] or Open-
CAPI [42]. Here, processors can use load-store instructions
to directly access data in the memory blades, and thus SDM
allows multiple nodes to share access to the same data. In
the DDF context, this potentially allows multiple nodes to ac-
cess the same copy of an object—rather than having to create
local copies—enabling a paradigm that we refer to as pass-
by-reference. Thus, the pass-by-reference paradigm alleviates
memory pressure by reducing the number of object copies,
without affecting fault tolerance or scheduling flexibility.

Prior work [38, 56] has suggested moving to a pass-by-
reference-like approach where remote procedure calls (RPCs)
include references (keys) to objects rather than the objects
themselves. However, because these proposals did not target
SDM clusters, servers still create a local copy (by fetching
the object from the store) before access. Therefore, these
proposals do not reduce network transfer overheads, nor do
they reduce memory footprint. We detail these differences in
§9, and our evaluation (§8) shows that our proposed approach
improves on Ray.

In this paper, we describe Duhu, a pass-by-reference ap-
proach that targets SDM systems—specifically SDMs that do
not implement global cache coherence protocols and hence do
not guarantee cache coherence across servers. As we explain
in §2.3, although emerging standards (e.g., CXL 3.0) include
support for global cache coherence, this support carries a
coherence tax [21] that limits scalability and performance,
which Duhu avoids. Additionally, this choice allows Duhu to
be deployed on existing memory blades [8,22,24] that do not
provide global cache coherence.

The lack of coherence posed the most significant challenge
when designing Duhu: it required that nodes coordinate and
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synchronize caches when accessing shared data stored on the
SDM. The need to coordinate adds performance overhead and
makes it harder to integrate with existing DDFs, which were
designed without awareness of SDMs. Our core contribution
is our design (§3) that addresses both challenges.

Reducing Coordination Overheads. Our approach to re-
ducing coordination leverages differences in mutability and
access frequency for DDF objects and metadata. Specifically,
our approach builds on the observation that object metadata
is mutable (e.g., changes when other nodes get access to ob-
jects) but object data is immutable (it is only written when
the object is first created). Furthermore, in most workloads,
access to an object’s data is more frequent and voluminous
than to its metadata.

Our design requires inter-node coordination when access-
ing metadata. We reduce overheads for this coordination by
partitioning the SDM into segments and associating each
segment with an owner—a node responsible for sequencing
and performing metadata operations on objects in the seg-
ment. This partitioning eliminates cross-node contention and
reduces the cost of metadata operations.

Partitioning metadata into segments necessitates inter-node
communication for metadata operations. To reduce communi-
cation overheads for these operations, we use Duhu-Channels
(§5), a low-latency inter-node RPC mechanism that we de-
signed to work over SDM. A Duhu-Channel uses SDM to
send RPC requests and receive responses, and uses the net-
work to signal the other endpoint. This combination enables
low-latency communication.

Data access in Duhu does not necessitate communication

or coordination. This is because objects are immutable, and
thus the data changes only when an object is created. When
creating an object, nodes use non-temporal writes to ensure
that SDM contains a consistent version of the object. Ad-
ditionally, nodes flush the corresponding cache lines before
reading an object for the first time. This combination of non-
temporal writes and cache flushes before first access ensures
that readers always access the last consistent version of an
object from SDM.
Simplifying DDF Integration. Our design simplifies integra-
tion with existing DDFs in two ways. First, Duhu provides a
key-value store API that is similar to the API of object stores
used by DDFs like Ray. Duhu implements its coordination
logic within these API calls, thus ensuring that DDF logic
need not change when using Duhu.

Second, Duhu implements reference counting to eliminate
safety problems due to the garbage collector implemented by
existing DDFs. Pass-by-value DDFs include a garbage col-
lector that deletes the local copy of an object to regain space.
This is safe, even if another node is concurrently accessing the
object, because each node operates on its own copy. However,
this is not true for Duhu or other pass-by-reference object
stores that use a single copy of the object. We address this by
tracking which nodes have references to the object, and free-

ing the object only when it is safe to do so, without requiring
changes to DDF logic.

We implemented Duhu and integrated it with Ray [38]. We
evaluated the Duhu version of Ray on an SDM cluster with
four nodes and a prototype CXL-attached memory pool. The
pass-by-reference semantics open up new possibilities; our
evaluation (§8) describes FlexShuffle, a new shuffle approach
enabled by Duhu. We show that, by replacing the physical
transfer of shuffle data with only metadata reorganization,
FlexShuffle improves job completion time for a multi-stage
shuffle job by up to 3.39x. Further, in this case, Duhu can
reduce an individual shuffle stage’s runtime by 3.59-13.81 x.
Finally, we evaluated its impact on existing applications by
modifying Modin [44] to use Duhu, and show that Duhu
improves TPC-H query completion time for Modin by 1.08 .

2 Background

2.1 Distributed Data-Processing Frameworks

A Distributed Data Processing Framework (DDF) is a
framework that allows users to process large amounts of data
by distributing computation across multiple nodes (servers
or VMs). These frameworks play an important role in data
analytics and machine learning, and frameworks such as
Spark [60, 61], TensorFlow [1], and Ray [38,57] are widely
used for this purpose.

In these frameworks, the nodes that implement the process-
ing logic need to communicate with each other by sending
intermediate values of the computation. These intermediate
values are immutable data chunks that are written once and
consumed one or more times, possibly by other nodes, de-
pending on the workflow and scheduling of the computation.
Most frameworks use object stores for this inter-node com-
munication. The use of object stores provides several benefits:
it increases scheduler flexibility by decoupling data produc-
ers and consumers, it allows intermediate data to be reused
multiple times, and it enables fault tolerance because backup
nodes can retrieve and operate on a failed worker’s inputs and
intermediate results.

Early DDFs, including Google’s MapReduce [11] and
Hadoop, used disk-based object stores (GFS [15] and
HDEFS [50], respectively). But the use of disk-based object
stores was a performance bottleneck. Therefore, recent DDFs
including Spark and Ray use in-memory immutable object
stores: Spark stores intermediate data in RDDs [60], which
are managed by a centralized block store, and Ray stores
intermediate data in the Plasma store [43].

However, the pass-by-value paradigm used by in-memory
object stores causes DDFs to experience a performance and
scalability wall. Because processors can traditionally only
operate on local DRAM, each node must copy an object from
the object store into local memory before processing. This
creates multiple physical copies of the same immutable ob-
ject across the cluster. In turn, this copying wastes limited
memory capacity, imposes serialization and deserialization
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CPU overheads, and consumes valuable memory bandwidth
and network resources that could otherwise support compute.
Our goal in this paper is to build an immutable object store
that enables an alternative paradigm: pass-by-reference that
does not copy objects into local memory. To do so, we need a
mechanism that allows processes running on different nodes
to directly access data. Thus, we target shared disaggregated
memory (SDM) clusters, which we describe next.
2.2 Shared Disaggregated Memory

Duhu is designed to run on shared disaggregated mem-
ory (SDM) clusters, where memory blades [8, 22, 24] are
decoupled from compute nodes and accessed via a high-
performance fabric supporting load/store semantics, such as
CXL [10] or OpenCAPI [42].

Modern and future SDM systems rely on one of two co-
herence implementations: Hardware-coherent systems (e.g.,
future CXL 3.0 SDMs) enforce global cache coherence via
directory-based protocols. In contrast, software-defined coher-
ent systems only provide coherence within a compute node;
they do not coordinate accesses from different nodes. Duhu
specifically targets the latter, and for our implementation we
use CXL 2.0 memory expanders. Concretely, we use Type 3
devices that provide memory expansion but do not implement
global coherence [10]. As we discuss below, this is to re-
duce performance overheads, improve scalability, and enable
compatibility with today’s memory blades.

Performance. These memory blades allow servers to access
memory at a byte granularity. Prior work [28, 32] has re-
ported expected latencies approximately 3—6x higher than
local DRAM, and bandwidth approximately 4-16x lower
than the total bandwidth of a local CPU socket, and our SDM
prototype achieves 600-800ns latency and ~10GB/s band-
width (details in §8).

Failure domains. We assume memory blades are deployed
in groups called memory units. Each unit has its own power
supply and fabric connection. Thus, when a memory unit fails,
the data in its blades is lost, but other units remain unaffected.
We detail Duhu’s assumed failure model in §3.

2.3 The Coherence Tax

While hardware coherence simplifies programming, it im-
poses significant overheads for cost, performance, and com-
plexity. We refer to these overheads as the Coherence Tax,
and discuss them below.

Straggler penalty. In directory-based protocols (e.g., MESI),
writing to shared memory requires collecting invalidation
acknowledgments from sharers. Thus, in the worst case, the
write latency is bounded by the tail latency of the slowest
sharer in the cluster.

Bandwidth tax. Hardware cache coherence adds protocol
overhead (e.g., state updates) to data transfers. For bulk trans-
fer of immutable objects, this incurs unnecessary overheads
for every cache line written and fetched.

Complexity barrier. Scaling hardware coherence to
petabytes of memory faces a storage wall. Directory struc-

Data ) Metadata Duhu-Channel
Access Access > RPC Msgs < >

DDF |___ DuhuPtr:: DDF XPtr:=DuhuPtr ::
[Proc X-‘ new(X) Proc X (‘{new(id) ]

A

| [ #
A 4 1
X: offset, size, rc ~ Duhu-Channel
SDM S .
Pool | WAL Entries A Object X @

Figure 1: Architecture of Duhu integrated with a DDF. Duhu-RM provides
the same pointer view in address space for nodes to load and store (solid
arrows) as native local memory objects. DDF processes call the Duhu API
to perform metadata operations (dashed arrows). The API calls are handled
by the local Duhu-RM, which uses the in-SDM Duhu-Channel mechanism to
coordinate operations for remote objects (dotted arrows).

tures (e.g., snoop filters) must track state for every cache line.
Scaling to disaggregated capacities would require untenable
amounts of on-chip SRAM and complex lookup and update
logic in the fabric.

3 Duhu Overview

Duhu is a pass-by-reference object store for in-memory
DDFs running on SDM clusters that do not provide hardware
cache coherence between nodes (§2.2). It improves DDF
performance by reducing network overheads and decreases
memory usage by eliminating redundant object copies. Duhu
(Figure 1) stores two types of information in SDM: (1) meta-
data indicates where objects are stored and which nodes have
access, and tracks information for failure recovery; (2) data
consists of the actual content of an object.

Beyond enabling pass-by-reference semantics, our design
aims to meet four requirements:

1. Simplify integration with existing DDFs. Our design
ensures that core DDF logic does not need to change when
integrating Duhu. We accomplish this by providing an API
(§4) that is similar to what is provided by the immutable data
stores [43] used by DDFs today. However, as we explain
below, to meet our remaining goals, we limit the choice of
keys (unlike standard key-value stores). Through the API,
frameworks can put objects, get references, and drop refer-
ences with a key, while directly reading bytes in SDM without
copying the object to a local variable.

2. Minimize coordination overheads. Cross-node coordi-
nation is required to ensure the correctness of operations that
read or modify object metadata. For example, coordination
is required when allocating an object (so that the memory
for any two objects does not overlap) and freeing an object
(to ensure an object is freed only if no nodes plan to access
it). Our design minimizes coordination overheads for these
operations by partitioning the object store into segments, each
of which is owned by a single node. When other nodes need to
access the object, they issue an RPC to the owner. To reduce
the overhead of contacting the owner, we provide an efficient

USENIX Association

20th USENIX Symposium on Operating Systems Design and Implementation 923



RPC mechanism, Duhu-Channel (§5), that uses the SDM for
data transfer with the help of the network for signaling.

3. Efficient but consistent access to shared object data.
DDFs allow multiple nodes to access the same object stored
in an object store, and assume that all nodes get a consistent
version of this object. Our design leverages object immutabil-
ity to provide efficient, consistent object access from multiple
nodes: when creating an object, a node uses non-temporal
instructions to ensure that all updates are written to the SDM,
and before reading an object for the first time, nodes flush
cache lines to ensure that they read data from the SDM. Nodes
need to flush cache lines before they read the object for the
first time because an object might reuse SDM memory that
was previously allocated to a different (now freed) object.

4. Avoid resource leaks. Current DDFs assume that each
node accesses a locally stored copy of the object and can
garbage collect that copy independently (in response to the
node being done or local memory pressure). Duhu’s pass-
by-reference model violates the assumption made by these
frameworks because multiple nodes can access the same copy
stored in disaggregated memory. This in turn renders the
garbage collection logic implemented by these frameworks
incorrect.To address this, Duhu asks its user (the DDF) to indi-
cate when it drops references to an object, so Duhu can track
outstanding references (§4.2). This is usually straightforward,
since most DDFs already have a local garbage collection
mechanism where they drop references. With this informa-
tion, Duhu ensures that a shared object is freed only after no
nodes have references to it.

Failure model. Duhu is designed for use with DDFs that
can reconstruct objects lost due to failures, using lineage or
other recomputation mechanisms. Nearly all commonly used
DDFs, including Ray and Spark, meet this requirement be-
cause alternative approaches such as object replication require
significant additional memory.

We further assume that Duhu and the DDF that uses it are
deployed in a cluster with multiple memory units and multiple
nodes. The cluster is monitored by an orchestrator that notifies
Duhu when a memory blade or node fails. Further, we assume
that node failure does not affect the contents of the SDM; that
is, data written by a node to the SDM remains available even
after the node fails.

Duhu places all data and metadata for an object in the same
memory unit to limit the blast radius. Under this model, our
failure mechanisms (§6) ensure that a DDF that uses Duhu
continues to function as long as enough nodes are available
(dictated by the DDF) and the available memory units provide
sufficient memory (dictated by the workload).

3.1 Duhu Design Principles

1. Share data, but not metadata. Sharing read-only data—
such as the contents of immutable objects—is relatively easy
even with incoherent memory. But metadata is constantly
changing, so we keep it private: a single node is responsible
for reading and writing it (possibly on behalf of other nodes).

This node may change if there are failures.

2. Streamline coordination using the SDM. Cross-node co-
ordination requires communication, and cross-node communi-
cation adds latency. Duhu reduces this latency by implement-
ing Duhu-Channel, an RPC channel that communicates over
SDM. The lack of coherence means that one node cannot be
notified about SDM writes made by another node, i.e., MWAIT
and similar instructions cannot be used with SDM. Therefore,
when necessary, Duhu-Channel uses the network to signal
nodes. This combination enables low-overhead cross-node
communication, thus reducing coordination overheads.

3.2 Architecture Overview

Duhu provides an object store that DDFs use to store and
access objects. The Duhu API (§4) provides a key-value-store-
like API that DDFs can use to allocate objects, gain access
to an existing object, and release references. Our design re-
quires that objects be immutable: they are written once when
allocated and are not modified subsequently. This assumption
holds for most common DDFs, including Ray and Spark. Note
that the Duhu API is called by DDFs, rather than applications.
Application code does not need to change when using Duhu.
Duhu-RM. The Duhu API is implemented by a Duhu Refer-
ence Manager or Duhu-RM (§4). A Duhu-RM instance runs
on each node and implements all of the coherence and coor-
dination logic required to safely access the SDM. Duhu-RM
is also responsible for updating and maintaining object meta-
data. Any node may wish to modify an object’s metadata, and
thus metadata maintenance requires coordination between
Duhu-RMs running on different nodes. For performance and
scalability, each Duhu-RM instance runs multiple threads.

The Duhu-RM also maintains the write-ahead log (WAL)
that is used for failure recovery (§6): each thread writes an
entry to the WAL before making changes to the SDM.
Duhu-Channel. Duhu-RMs coordinate with each other using
a Duhu-Channel (§5), an RPC channel that allows nodes to
communicate over SDM. Each Duhu-Channel provides client-
server style communication. Multiple threads on the client
Duhu-RM can issue RPC calls by writing to the same chan-
nel, and any thread on the server Duhu-RM can execute an
RPC received on a channel. Furthermore, multiple RPC calls
received on a single channel can be processed concurrently
by different threads on the server Duhu-RM. Duhu-Channels
are designed for small messages of less than 63 bytes in size.
The restriction on small messages does not impact our design:
all current inter-node requests in Duhu are smaller than 63
bytes; if larger payloads are required in the future they can be
accommodated by passing SDM references.

When communicating over a Duhu-Channel, clients might
need to notify the server about pending requests, or servers
might need to notify clients about pending responses. The
lack of global coherence prevents us from using SDM for
notifications: a node receives no communication when an-
other node modifies an SDM location. Therefore, we rely on
messages sent over a traditional network for notifications.
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Figure 2: A timeline view of object lifecycle events when integrating dis-
tributed computing frameworks with Duhu. DDF elements are purple, and
Duhu elements are blue. Duhu-RM internal calls are specified under corre-
sponding DuhuPtr API invocations.

Dispatcher. Each Duhu-RM includes a dispatcher that is re-
sponsible for assigning requests received on a Duhu-Channel
to a Duhu-RM thread. For correctness, the recovery logic
requires that operations on a single object must be performed
in the same order as recorded in the WAL. To ensure this,
all requests to the same object are dispatched to the same
thread: all RPCs issued by Duhu-RMs include an object ID
that the dispatcher uses to select the appropriate thread. The
dispatcher is also responsible for sending and processing chan-
nel notifications.

3.2.1 Illustrative Example

We illustrate how DDFs integrate with Duhu below by

describing how a version of Ray that is integrated with Duhu
creates an object, gains access to an object, and eventually
releases its reference to an object (Figure 2).
Referencing objects. DDFs use two types of references, ID
and DuhuPtr, to refer to objects stored in Duhu. An ID is
meaningful for the entire cluster and serves as a reference that
can be shared between different nodes. The ID encodes the
segment in which an object is stored, which is used to route
calls to the appropriate node.

However, an ID cannot be used to access object data. On
the other hand, a DuhuPtr is node-specific and can be derefer-
enced to access object data. Duhu’s reference counting keeps
track of which nodes have valid DuhuPtrs to each object.
DDFs can convert between the two types: the Get0bj func-
tion (Table 1) returns a DuhuPtr given an ID, and the Get ID
function does the opposite.

Object creation. A DDF worker on node 1 creates and ini-
tializes a copy of object x in local memory. Once the object is
initialized, the worker calls CreateObj to allocate and place
object x in the object store. Once this call completes, x is
stored in the SDM and is immutable. The call also returns a
DuhuPtr through which node 1 can read x. Finally, node 1
can use the Get ID API to get an ID that other nodes can use
to get a reference to x.

Getting an object reference. A DDF worker on node 2 exe-
cuting a newly launched task with a reference to x can gain ac-
cess by calling the GetObj APIL. The GetObj and CreateObj
calls update object metadata to track what nodes have out-
standing references, thus ensuring that space allocated to an
object cannot be reclaimed while a valid reference exists.

Segment 1 Segment N
| Metadata & WAL | . Metadata & WAL | -
Channel Res. bject Area Channel Res. bject Area

Figure 3: Duhu-RM’s memory layout in SDM pool.

Releasing a reference. To enable space reclamation, a DDF
worker must eventually release its reference to object x and
does so by calling the DropRef method. To simplify inte-
gration, we invoke DropRef automatically from the DuhuPtr
destructor when the reference goes out of scope. The object
is freed and space is reclaimed once no node has a reference
to x.

4 Duhu Reference Manager

Next, we detail the design of Duhu-RM. Our design par-
titions the SDM into segments to reduce coordination over-
heads for metadata operations. Furthermore, it leverages the
immutability of objects to allow DDF workers to directly
access object data while maintaining data consistency (§4.1).

The Duhu-RM implements the API (Table 1). DDFs use
this API to create and gain access to objects, and to eventually
release a reference as described in §3.2.1. The API itself
closely resembles those of existing object stores, making it
easier for DDFs to integrate with Duhu.

Internally, each Duhu-RM instance requires consistent ac-
cess to object metadata, despite the metadata being stored in
incoherent memory. Consequently, Duhu-RM instances must
coordinate among themselves. Duhu simplifies and distributes
this coordination by partitioning the data structures in SDM
into segments (Figure 3).

Each segment has an owner, a node that has exclusive ac-
cess to the metadata in the segment. Limiting metadata access
to a single node ensures consistency. If a non-owner node
wishes to access metadata in the segment, it issues an RPC
to the owner’s Duhu-RM. Table 2 shows the RPC interface
exposed by Duhu-RMs. The RPCs require cross-node com-
munication over a Duhu-Channel (§5).

Duhu guarantees that a segment has at most one owner. If
a segment’s owner fails, the Duhu recovery mechanism (§6)
reassigns ownership to a different node and ensures that the
segment’s metadata is consistent.

Partitioning memory into segments whose ownership is dis-
tributed provides the benefits of centralized coordination with-
out the scalability bottleneck of a central metadata manager,
and without the locking complications of schemes where all
nodes can access the metadata concurrently. In fact, we tried
to design such concurrent schemes and found that the lack of
cache coherence created overhead and complexity. Conceptu-
ally, Duhu shifts this complexity into the Duhu-Channel.
Segment layout. Each Duhu segment consists of four regions:
(a) a Duhu-Channel region, containing data structures of chan-
nel used by the owner to send RPC requests to other nodes;
(b) a write-ahead log (WAL) that is used during failure re-
covery to ensure metadata consistency; (c) a metadata region,
containing a hash-map that maps object identifiers to object
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API Description

CreateObj(*src, siz, owner) Create an object in SDM with the data in src (in local memory). Returns a pointer to the SDM object.

-> DuhuPtr

GetID (DuhuPtr) -> ID

Get an ID from a DuhuPtr. The ID can be shared with other workers.

GetObj (ID) -> DuhuPtr

Get a DuhuPtr for an object ID, increasing the object’s reference count in the process.

DropRef (DuhuPtr)

Invalidate the DuhuPtr, thus decreasing the object’s reference count.

Table 1: The API that DDFs use to interface with Duhu.

Duhu-RM internal RPC Description

Alloc(id, *src,siz)
-> *dst
GetRef (id) -> *obj

Requests space in the segment owned by
a remote Duhu-RM.

Gets a reference to object id, returns the
address of the object. Records the client in
the reference bitmap.

Releases a reference previously obtained
by the node using a GetRef call. Erases
the client in the reference bitmap.
Returns an unused object ID that will be
stored in the given segment.

Table 2: The Duhu-RM internal RPC endpoints that Duhu-RMs use to talk
to each other.

DropRef (id)

Createld(segment)->id

metadata including the object’s address, its size, and a bitmap
recording nodes that hold references to the object; and (d) a
data region, containing the data of objects. An object’s meta-
data and data are co-located in the same segment. Co-location
simplifies failure recovery because an object’s data and meta-
data share fate, and avoids coordination for object allocation
and reclamation, as updates to the object metadata and free
list are performed by the same node.

Implementing the Duhu API. DDFs that use Duhu are un-
aware of segments, and the API they use (Table 1) exposes
object IDs (which are recorded as a part of the object’s meta-
data) and references to the object data (wrapped in a DuhuPtr
type, which includes the ID).

API calls made by the DDF worker are handled by the
local Duhu-RM running on the same node. Most of these API
calls require manipulating object metadata, and the Duhu-RM
uses RPCs (described below) for this if the object metadata is
stored in a segment that it does not own.

API calls are cheaper when handled by the node that
owns the segment containing the target object’s metadata be-
cause no communication is required. Therefore, object place-
ment can impact performance, and the CreateOb call allows
DDFs to use the owner parameter to specify object placement.

RPCs to manipulate metadata. As we mentioned above,
nodes must use RPCs (Table 2) to modify the metadata for
any segment they do not own. To aid in failure recovery (§6),
all RPC operations are idempotent. Furthermore, we require
that, before executing a metadata operation, a node write (and
flush) operations to the segment’s WAL. The WAL entry
includes all arguments, the Duhu-Channel ID, and additional
metadata (including slot ID and version) that are required for
the recovery logic to safely respond to the request.

Figure 4 illustrates API handling and RPC calls in Duhu:

GetRef(remotelD)
GetRef() Request

Confirm Exists & Alloc() Request
Flush WAL Entry DDF Proc Alloc & Fiush WAL Entry| DDF Proc
@ Find&Upd Metadata reate Metadata

@ Return Pointer A Return Pointer
® Load Memory ®

Alloc(*src,siz,owner)

Nontemporal Copy @

HeB ] [ NodeA ]( NodeB
Duhy-RM

-RM Duhu-RM @
@
® &% © [—0
g ldx
Segment A Seg B Segment A Seg B
SDM SDM

Figure 4: The detailed protocol of GetRef and Alloc internal RPCs.

the DDF worker running on node B issues an API call that
is processed by the local Duhu-RM. The API call requires
changing metadata in a segment owned by node A, and node B
sends an RPC request to node A. Node A first writes the RPC
request to its WAL, then performs the necessary operations
and sends the response to node B. Communication between
the two nodes is performed over a Duhu-Channel (§5).

4.1 Safe and Direct Data Access

A DDF can access data objects by dereferencing a DuhuPtr.
Duhu implements this by having all nodes map SDM seg-
ments to the same virtual address, thus ensuring that no ad-
ditional address translation is necessary. While this ensures
direct data access, additional mechanisms are necessary to
ensure that all nodes access consistent data, i.e., to ensure
safety. Object immutability helps Duhu ensure consistency.
Immutable objects and consistency. As an immutable object
store, Duhu requires that nodes first create and populate ob-
jects in local memory before adding them to Duhu. DDFs add
objects to Duhu by calling the CreateObj API and providing
a reference to the object in their local memory. Duhu then
allocates space in the appropriate SDM segment and copies
the object to this location. We copy the object asynchronously
to allow pipelining and further reduce Duhu overheads.

The immutability of objects almost solves the problem
of data consistency in the face of incoherent memory, but
not quite: objects are eventually freed and new objects are
created in the same locations in SDM. Thus, the actual data in
an SDM location is not immutable; if not handled carefully,
a node could potentially access stale data from a previous
object that remains in the node’s processor cache. To address
this problem, nodes in Duhu carefully manage their processor
caches as we explain next.
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Figure 5: Duhu-Channel Architecture Overview

Low-overhead cache synchronization. With Duhu, the data
in SDM changes infrequently and at well-defined points,
namely when new objects are allocated in the same place
in SDM as previously deleted objects. As observed by prior
work [2, 18], this pattern allows us to use cache synchro-
nization instructions sparingly to avoid their overhead, while
ensuring consistency of access at all times.

More specifically, objects are cache-line aligned, and the
object’s creator uses non-temporal instructions (e.g., the
_mm512_stream_si512 intrinsic [23]) to ensure that writes
are flushed to the SDM. This ensures that after the writer is
done, any reads from the SDM return a consistent version
of the object. Because no other worker can gain access be-
fore the writer finishes and no mutations are performed after
CreateObj, reads from other workers can be safely served
from the SDM without worrying about data inconsistency.
To ensure that nodes access the SDM copy, the GetObj func-
tion invalidates the appropriate cache lines before returning a
pointer to the object’s data.

4.2 Reclaiming SDM Memory

Nodes allocate  SDM memory when they invoke
CreateObj. Duhu uses reference counting to safely reclaim
an object’s memory. Initially, an object’s creator holds a refer-
ence to the object, and the reference count is 1. Subsequent
calls to GetObj by other nodes increment the reference count.
Nodes (regardless of whether they are the object’s creator
or not) can signal that they are done accessing the object by
calling Duhu’s DropRef function. It is unsafe for a node to
access object data after calling DropRef without invoking
GetObj again. Duhu reclaims the object’s memory when the
reference count reaches 0.

5 Duhu-Channel

A Duhu-Channel is an RPC channel that Duhu-RMs use
for inter-node communication and coordination. A Duhu-
Channel uses SDM to transfer RPC requests, arguments, and
responses, and a network connection to signal Duhu-RM dis-
patchers when required. A Duhu-Channel connects a client
Duhu-RM—which issues RPC requests—to a server Duhu-
RM—which executes and responds to requests. Note that a
channel is used by only two nodes (the client and the server).
5.1 Architecture and Functioning

A Duhu-Channel (Figure 5) has components in the SDM,
and at the client and server Duhu-RMs:

1. SDM: Each channel allocates a ring-buffer (i.e., an array
which is indexed using modulo arithmetic) consisting of n

Algorithm 1: Client Request Submission

Input: size,data // Payload size and data
Output: result // Slot index or error
if CHead + 1 = CTail then return E_NO_SPACE
do
slot <— CHead load()
next < (slot +1) mod RingSize
until next # CTail load()
while CHead.CompareSwap(slot, next) fails
Msg < PackedMsg{S;V;size;data}
// S: set OBit to server.
// V: current version.
8 WriteToSDM(Ring|slot] < Msg)

B I Y I VR SR

cache-line sized (64-byte sized) slots in the SDM, allowing up
to n — 1 RPC requests to be issued simultaneously. We ensure
that slots are cache-line aligned, which in addition to them
being cache-line sized means that nodes can read or write the
slots atomically. Clients write to slots to issue an RPC, and
servers write their responses back into the same slot.

2. Client: At the client Duhu-RM, a Duhu-Channel maintains
a client head (CHead), the index of the slot that the client
should use for the next RPC it issues. The client also maintains
a client tail (CTail) which tracks the index of the slot beyond
which all slots are unused. The CTail ensures that the client
does not overwrite a slot being used by an in-flight RPC.

3. Server: At the server Duhu-RM, a Duhu-Channel main-
tains a server head (SHead) that tracks the next slot that a
request will arrive on; and a variable tracking the state (State)
of the server and a timer (Timer) that are used to switch be-
tween polling and using notifications for requests.

In addition to these components, each Duhu-RM main-

tains a network connection to every other Duhu-RM, and the
dispatcher uses this to notify other nodes.
Slot structure. Figure 5 shows the structure of a channel slot:
it contains metadata indicating message size, an ‘ownership’
bit (OBit) that indicates which endpoint (i.e., the client or the
server) can access the slot, and a version bit (V Bit) that the
failure recovery logic (§6) uses to ensure correct re-execution.
Initially, the OBit is set to C, indicating that the client owns
the slot, and V Bit is set to 0.

The slot also contains a data section: the client Duhu-RM
issues an RPC by writing the request (and all required argu-
ments) to this section, and similarly, the server responds to an
RPC by writing the return value to this portion of the slot.

Observe that we use a single Duhu-Channel to carry both
requests (from client to server) and responses: we chose this
design in order to minimize Duhu’s working set size, and thus
reduce cache pressure on the nodes.

5.1.1 Submitting an RPC Request

Algorithm 1 shows the procedure that a thread running on
the client Duhu-RM invokes to submit a request to a Duhu-
Channel. The client thread uses atomic operations to reserve
a slot (lines 1-6); then it prepares a local copy of the message
(line 8); and finally it writes the message to SDM (line 9).

When preparing the message (line 8), the client thread
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Algorithm 2: Server Dispatch Loop

Input: Timer
Input: ChannellD
1 while State # EXIT do
do
if State = EXIT then return
if State = IDLE then block until notified
InvalidateCacheline(Ring[SHead))
OBit < Ring[SHead].owner
while OBit # S
Timer.Reset()
slot < SHead
size,data «Load(Ring[slot])
SHead + (SHead +1) mod RingSize
Dispatch(ChannellD, slot, size,data)

LRI I 7 I OV S

-
= 3

S

updates the slot’s OBit to indicate that a request has been
issued and the server Duhu-RM should take ownership.

The WriteToSDM function (line 9) atomically writes the
message to SDM. It does so by using non-temporal write
instructions that invalidate and flush the cache line containing
Ring[slot] to SDM. It follows the non-temporal write with a
store-fence to ensure that the write cannot be reordered with
respect to other store operations.

Finally, the client increments the slot’s V Bit (thus flipping
it) upon receiving an RPC response.

5.1.2 Dispatching an RPC Request

Algorithm 2 shows the server side logic for receiving and
dispatching RPC requests: The server polls the slot pointed
to by SHead to check if its OBit is set to S, i.e., if the slot is
owned by the server (lines 2—7). Once it owns the slot, the
server copies the data from SDM into local memory (line
10), and then calls the Duhu-RM dispatcher which dispatches
the request to a thread. Recall that the Duhu-RM dispatcher
ensures that requests to the same object are dispatched to
the same thread. Once a thread has finished processing the
request, it writes a response to the same slot and changes

the slot’s OBit to C to indicate that a response is available.

We omit this response logic in the interest of space. We also
omit the logic of how the client receives this response, except
to note that it is similar to the RPC request dispatch logic
discussed here.

For safety and efficiency, the server must consider a few
factors when polling for the slot to change ownership:

First, frequent polling affects the performance of other
nodes (and threads) accessing the SDM. We address this using
a backoff mechanism: the server uses a timer (Timer) to track
time since an RPC request was last received. When the timer
expires, the server marks the channel as IDLE, which causes
the poll loop to block (line 4). Clients send a network message
when sending a request over an IDLE channel (not shown), and
on receiving this message the Duhu-RM dispatcher notifies
(and thus unblocks) the poll loop. The server resets the timer
each time it receives a message (line 8).

Second, while polling the server must ensure it is reading
the value from SDM rather than from the local cache. To

do so, it uses the InvalidateCacheline function (line 5) to
invalidate the cacheline before the read. This function uses a
memory fence to ensure that load reordering does not result
in the poll loop reading a stale value.

6 Failure Recovery

Duhu depends on an orchestrator! to detect failed memory
blades and nodes, and implements a failure recovery algorithm
to deal with both. Below, we describe the core invariants used
by both protocols, and then describe the protocols themselves.
6.1 Invariants

Duhu’s mechanism for recovering from memory blade fail-
ures builds on the assumption that DDFs include mechanisms,
e.g., lineage-based mechanisms, to recover lost data.

The mechanism for recovering from node failures depends
on the following three invariants:

1. The Duhu-RM records all RPC requests to a write-ahead
log (WAL) before executing them. WAL entries are used to
ensure metadata consistency by re-executing operations that
were interrupted by node failure.

2. The Alloc () logic ensures that updates to the segment’s
metadata hashmap have been flushed to SDM (by using non-
temporal writes and an sfence) before returning a reference
to the newly allocated memory. This ensures that all alloca-
tions are tracked in SDM, and prevents in-use memory from
being reallocated after recovering from node failures.

3. Duhu-Channels allow at most k requests to be outstanding
at a time; as we explain below, this helps ensure idempotent
re-execution of incomplete operations.

6.2 Memory Blade Failure

Memory blade failure results in object data and metadata
being lost. Duhu relies on the lineage-based fault-tolerance
mechanisms implemented by DDFs to reconstruct this lost
data on available blades. This recovery mechanism uses the
object store APIs we provide, and thus implicitly recovers
the lost metadata. We rely on these existing DDF-specific
mechanisms because they can be better optimized.

However, Duhu’s pass-by-reference paradigm does add one
complication when memory blades fail: a node might hold
a reference that points to an address on the failed blade. We
address this by requiring that the node’s operating system
generate a SIGBUS signal when the DDF accesses memory
on a failed blade, and Duhu catches this signal and invokes
the DDF routine responsible for handling unavailable objects.
6.3 Node Failures

The failure of a node affects Duhu in two ways: (a) The
metadata for any segments that the node owns might be in-
consistent because of partially completed operations; and
(b) References held by the failed node and Duhu-Channels
created by it will never be freed, leading to resource leaks.
Duhu uses different recovery algorithms for each effect. The
orchestrator triggers both when a node failure is detected.

'Duhu uses the DDFs scheduler as its orchestrator, only requiring that it be
extended to detect SDM failures (in addition to node failures).
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6.3.1 Metadata Consistency

A Duhu metadata operation requires at least two accesses
to SDM.: one to read (or update) the metadata, and a second
to write the return value to the appropriate channel slot. Many
require more than one update. Consequently, node n crash-
ing can render the metadata for any segment s owned by n
inconsistent. Furthermore, no node can perform metadata op-
erations on s until the segment is assigned a new owner. Our
metadata consistency logic addresses both these problems.

During normal operation, each Duhu-RM thread records
operations to a per-segment write-ahead log (WAL). The
WAL entry records the request, the channel on which it was
received, the channel slot, and the slot’s V Bit.

When the orchestrator detects that node n has failed, it
assigns each segment owned by n to a different node (e.g.,
segment s to node n’) and broadcasts this change.

Upon taking ownership of segment s, n’ iterates through
the metadata hashmap to reconstruct what portions of the
segment memory have already been allocated, and to which
objects. This process allows node n’ to reconstruct (a) the
set of objects in segment s; and (b) information required
to reconstruct local allocator state. The latter is required to
ensure that subsequent allocations (including those required
during the recovery process) do not overlap existing objects,
preserving data consistency.

Next, n’ inspects the segment’s WAL entries in descend-
ing timestamp order to find the last k entries for each Duhu-
Channel, and re-executes them. Dropping all other entries is
safe because a Duhu-Channel can only hold k outstanding
requests, and thus older entries have already been processed.
However, note that a previous owner (e.g., n) might already
have processed and responded to some of the last k entries.
Therefore, for correctness, Duhu needs to ensure that (a) re-
sponses generated during replay do not lead to bugs; and (b)
replayed operations are idempotent.

Our use of in-band responses can be a problem when re-
playing and responding to operations: a previous owner might
already have responded to a re-executed request before crash-
ing, and the client (who issued the request) might already
have reused the slot to issue a different request. We address
this problem by restricting the number of requests re-executed
from each ring and using the per-slot version bit. Before re-
playing a WAL entry, n’ first reloads the Duhu-Channel slot
for the request and compares the slot’s version bit to that
recorded in the WAL entry. If the channel slot and WAL
entry have the same version, then the client has not reused
the slot, and is still awaiting a response. The recovery logic
re-executes the entry in this case, and discards it otherwise.
Checking that version bits match suffices because we replay
at most k WAL entries, and the version bit can change at most
once in k entries.

A previous owner might have failed while processing a
request, and thus ensuring idempotence during replay is nec-
essary despite the Duhu-Channel slot version check described

above. Ensuring idempotence during replay is simple for
GetRef () and DropRef () calls, since they manipulate a
bitmap using bitwise operations and are thus inherently idem-
potent. Similarly, for CreateId (), Duhu records the gener-
ated key in the WAL, and replay merely returns the recorded
key, thus ensuring idempotence. Idempotence for Alloc ()
calls is slightly more involved: the replay logic first checks if
the object ID is present in the segment’s metadata hashmap.
If so, the object has already been allocated, and the recovery
logic uses the metadata entry to find the appropriate location.
On the other hand, if the object ID is not present, it allocates
space for the object.

Finally, the recovery procedure needs to ensure that any ref-
erences held by 7 to objects on other nodes are released, thus
avoiding resource leaks. To this end, on detecting that node
n has failed, the orchestrator broadcasts a failure message to
all other nodes. On receiving a failure message, node m finds
and releases any references n holds to objects in segments
owned by m by clearing the corresponding bit in each object’s
reference bitmap.

In sum, the use of a write-ahead log and idempotent op-
erations ensures that replay can correctly restore metadata
consistency.

6.3.2 Recovery Time

Finally, we analyze recovery time for node failures when
using Duhu. As we show in §8, our current cluster has rel-
atively high SDM access latency (600-800 ns) and 10GB/s
bandwidth. In addition, the lack of coherence means that a
newly assigned segment owner must invalidate the appropriate
cache line before reading a slot or metadata. Lastly, for con-
sistency, we need to use non-temporal writes and an sfence
when writing to SDM. The net result is that recovery time is
dominated by SDM access time rather than by computation,
and we use SDM accesses as a way to estimate recovery time.
Metadata dictionary scan. The new owner of a segment
needs to iterate over the segment’s metadata hashmap to re-
construct local allocator state. The metadata hashmap can
be quite large, and the recovery logic cannot make progress
until this is completed. This stage tends to be a significant
contributor to recovery time.

WAL scan. Next, the recovery logic needs to read the last k
WAL entries for each channel. The layout of the write-ahead
log means that newer entries are towards the beginning of
the WAL and can be scanned sequentially. In the common
case, where all Duhu-Channels are used at the same rate, only
O(p X k) entries need to be read (where p is the number of
channels) to find the last kK WAL entries for each channel.
Replay of WAL entries. During replay, each operation re-
quires at least one SDM access to check the version bit in the
corresponding Duhu-Channel slot. Additional accesses are
necessary during re-execution, e.g., to update metadata and
write responses. These writes need to be synchronized with
sfences. Therefore, in most cases, this step is a significant
contributor to recovery time.
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Releasing references held by the failed node. This step
has nearly no impact on recovery time because it runs con-
currently with the rest of the recovery protocol and requires
fewer SDM accesses than the other steps.

Thus, recovery time in Duhu is dominated by the metadata
dictionary scan and operation replay. Changing the layout of
the metadata dictionary might help improve both, though this
might affect performance in the non-failure case.

7 Implementation and Integration

We implemented Duhu in C++ and integrated it with Ray,
a popular open-source DDF. Integrating Duhu with Ray only
required changes to Ray’s object manager logic: we modified
Ray’s PushLocalObject method (which is used to transmit
data from the local store to the remote one) to lazily allocate
and move objects to the Duhu SDM. Similarly, we modified
Ray’s GetRef method so that it no longer allocated a local
copy of the object, and instead (when appropriate) called
Duhu’s GetRef method to get a pointer to the object in SDM.
Finally, we modified the FreeObject method to call DropRe £
when necessary. All of these changes were contained in a sin-
gle module, demonstrating that our API simplifies integration.

During integration, we observed that many Ray objects are
only accessed by the node that creates them. Copying objects
that are only accessed locally to SDM adds significant over-
heads. Therefore, our implementation lazily copies objects:
we delay calling Alloc on a sealed object until either (a) a
remote node tries accessing the object, which causes Ray’s
object manager to try to send a copy over the network; or (b)
the node that created the object encounters memory pressure.

Our implementation uses a standard free-list-based alloca-
tor to manage memory within each segment.

8 Evaluation

We evaluated Duhu by comparing the performance of a
Duhu-integrated Ray (denoted as DR in the graphs) to a base-
line Ray without Duhu (denoted as Ray in the graphs). Our
evaluation answers the following questions:

1. Does Duhu enable new compute paradigms? Do they im-
prove application performance? (§8.2.1)

2. Do our gains translate to future SDM implementations that
have higher bandwidth and lower access latency? (§8.2.1)

3. Can Duhu improve the performance of Ray jobs? (§8.2.2)
Our results show the benefits of the pass-by-reference strategy
enabled by Duhu, which reduces both memory usage and
redundant data movement, albeit with additional overheads
when accessing SDM.

In addition, we present results from microbenchmarks
(§8.3) that quantify the benefit of Duhu-Channel, Duhu’s im-
pact on intermediate-data transfer time, and its benefits for
applications whose tasks only randomly access a portion of
the intermediate data they are provided.

8.1 Evaluation setup

Our evaluation was run on an SDM cluster that consists

of four servers connected to an external disaggregated mem-

ory pool over CXL. Each server has four Intel Xeon Gold
6530 processors, 512 GB of memory, and runs Linux (ker-
nel version 6.6.0). Each server is equipped with a ConnectX
NIC, and all servers can communicate with each other over
a 100Gbps network. We disabled hyperthreading and power
saving features on the servers.

The disaggregated memory is an early FPGA-based re-
search prototype with 128GB of RAM, with memory band-
width of ~10GB/s and access latency of 600-800 ns. The
memory was partitioned into 16 segments, and in each seg-
ment we reserved 65536 WAL slots. The WAL slots and
metadata region for each segment consumed 8MB of space,
and in total ~128MB of space was used by the WAL and
metadata.

Our experiments use containers to partition server re-
sources: each container is provided 12 cores and 30GB of
memory. In each container, 8 cores are used for computation,
and the remaining are used for communication (and other
auxiliary functions). Local memory was not a bottleneck in
any of our experiments.

To avoid cross-container interference, each container is
placed on a different NUMA node and is allocated node lo-
cal memory. Containers on the same server communicate
over the Linux bridge, and we use tc to limit inter-container
bandwidth within the server to 5Gbps (except in §8.3). This
ensures that the aggregate bandwidth over the network is the
same as SDM bandwidth (i.e., 10GB/s or 80Gbps), enabling
fair comparison. Finally, for inter-server communication, con-
tainers are bound to the physical NIC using macvlan.

Even when using Duhu, Ray requires a local object store
(whose size is specified using the object-store-memory
flag). We specify the local object-store size used for this when
describing individual experiments.

8.2 End-to-end Applications

We use two workloads based on existing DDFs to answer
the three evaluation questions: shuffle-based workloads, for
which we implement a new approach and compare to Ex-
oshuffle [34]; and database workloads, for which we use
Modin [44], a distributed dataframe library to run TPC-H [54].
8.2.1 Duhu’s Impact on Shuffle

Duhu can improve the performance of distributed shuffle
jobs by enabling new approaches. Below, we describe and
compare Exoshuffle, an existing approach for distributed shuf-
fle; and FlexShuffle, an approach enabled by Duhu.
Exoshuffle [34]. Exoshuffle is a state-of-the-art efficient dis-
tributed shuffle architecture built atop Ray. Like other pass-
by-value shuffle architectures, Exoshuffle requires map tasks
(data producers) to partition intermediate data using a user-
defined partitioning scheme. These partitions are written to
each mapper’s local object store. Reduce tasks are assigned
partitions that they copy from the mappers’ object store and
then combine to produce their output.

FlexShuffle. FlexShuffle is an architecture that we developed
to target pass-by-reference implementations, e.g., Duhu. The
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Figure 7: Breakdown for each
stage of the jobs shown in Figure 6.

FlexShuffle and Exoshuffle.

core difference is that in FlexShuffle, map tasks do not parti-
tion their output. Instead, map tasks write the unpartitioned
output to Duhu, and produce a slice for each partition.

A partition’s slice contains the set of offsets (and length)
within the intermediate data that belong to the partition.

Reduce tasks use the slices and references to the mappers’
output to access inputs and compute their output.

Thus, FlexShuffle replaces data movement with metadata
reorganization. This change is particularly beneficial for jobs
with multiple shuffle stages: after the first shuffle stage, only
the set of slices changes, and thus no additional data transfer is
required for these stages. Multiple shuffle stages are common
for many applications including implementations of optimiza-
tion algorithms like stochastic gradient descent [20,41,55].
FlexShuffle improves multi-stage shuffle performance. We
evaluated FlexShuffle and Exoshuffle using 32 map tasks and
32 reduce tasks (2 per instance). We tested four scenarios
where we varied the amount of shuffle data and the size of
the local store: (1) 8GB data and 0.75GB object store; (2)
16GB data and 1.5GB object store; (3) 32GB data and 3GB
object store; and (4) 64GB data and 6GB object store. In all
scenarios, the intermediate data is split uniformly across 32
partitions, one for each reduce task.

Figure 6 shows job completion time (JCT) for a job with

four shuffle stages in each scenario. Observe that FlexShuffle
can improve JCT by up to 3.39x. However, we also observe
a slight slowdown with large reduce size: FlexShuffle takes
1.01 x longer than Exoshuffle. Figure 7 explains this perfor-
mance difference: the first reduce stage takes longer under
FlexShuffle than under Exoshuffle, because all intermediate
data needs to be copied over to the SDM. In subsequent reduce
stages, FlexShuffle outperforms Exoshuffle (by 3.59-13.81x)
because no additional data movement is required. In the 64GB
scenario, the initial data copy onto SDM dominates, leading
to the slight slowdown.
FlexShuffle is impractical without SDM and Duhu. Next,
we consider an implementation of FlexShuffle without SDM:
in this case all workers keep a copy of the intermediate data
in their local object store, and thus reduce inputs require only
slices. The significant increase in local memory requirements
is a problem in this case, since the data must be spilled into
SSDs and reloaded from there. Figure 8 shows that without
Duhu (and SDM), the JCT for a job with a single shuffle stage
is 13.34-24.69x higher.
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for the four most improved TPC-H for the four slowest TPC-H queries
queries. when executed using Duhu-Ray.
FlexShuffle’s benefits increase with newer hardware. Fi-
nally, we considered how these improvements would translate
to a better SDM implementation. As we noted above, our
results are from using an FPGA-based SDM prototype, which
likely has lower bandwidth and higher access latencies. Ac-
tual ASIC-based implementations are likely to perform better,
and we use an approach inspired by Pond [28] to evaluate
FlexShuffle’s performance on these future implementations.

For this experiment, we emulated a faster SDM using
NUMA nodes on a single server. The server had the same
specifications as what we used for the experiments so far,
and we used NUMA nodes 0 and 1 as servers, and reserved
100GB of memory attached to NUMA node 2 for use as SDM.
Because we used a smaller number of servers, we only used
up to 32GB of reduce data.

In Figure 9, we compare the performance of FlexShuffle
on this NUMA setup (FS NUMA) to (a) FlexShuffle on a
2-node SDM cluster (FS); and (b) Exoshuffle on a 2-node
cluster. As expected, the NUMA setup improves performance,
and the biggest gains are in the first reduce stage where data
movement costs dominate. In this setup, FlexShuffle with
NUMA improves over FlexShuffle running on CXL by 1.10x.
Furthermore, FlexShuffle on NUMA always outperforms Ex-
oshuffle (it is 2.43-5.79 x faster), leading us to conclude that
FlexShuffle’s benefits will increase as better SDM implemen-
tations become available.

8.2.2 TPC-H Benchmark on Modin

Next, we evaluate Duhu’s impact on existing jobs, by mea-
suring its impact on TPC-H [54] performance when the bench-
mark is executed using Modin [44].

For this evaluation, we used a scale factor of 10, which pro-
duced a 3.4GB compressed Parquet file as input. We set the
per-node object-store size for each node to SGB. As expected,
this led to memory pressure in the Ray object store for some
join queries. We found that running four containers on each
server led to significant slowdowns for both unmodified Ray
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Figure 12: Duhu RPC performance
compared to RDMA and TCP.

Figure 13: Fan-out Microbench-
mark: Time consumer waits for in-
termediate data by task scale.

and Duhu because of redundant data transfers to each server.
Therefore, we ran only one container per physical server. Fur-
thermore, we found that unmodified Ray workers frequently
crashed due to memory exhaustion when running query 5, so
we omitted it in our evaluation.

On average, across queries, Duhu-Ray had 1.08x better
query time than vanilla Ray. However, the degree of improve-
ment depended on the queries’ intermediate data size and
access patterns. Duhu seems to be particularly helpful for
‘big’ queries where each worker accesses a significant amount
of data which is unlikely to fit in the worker’s local object
store. In this case, Duhu-Ray’s ability to store objects in SDM
is a significant benefit: Figure 10 shows query processing
time for the four queries where we observed the most benefits,
and we observe that at best Duhu-Ray can improve query
completion time by 1.26 x on average and by 1.30x at most.

However, for small queries that often run in less than 10
seconds and access a small amount of data, the use of Duhu
can worsen performance. This is because each worker ac-
cesses only a limited amount of data in this case, and the
objects being accessed can fit in the local object store for
vanilla Ray. On the other hand, Duhu-Ray places objects in
SDM by default, and the additional access latency leads to
a slowdown. Figure 11 shows query execution times for the
four slowest queries where Duhu-Ray is 1.2x slower.

Our results show that Duhu is most helpful when a query’s
intermediate data size exceeds a node’s object store capacity.
For smaller queries, SDM’s increased access latency reduces
Duhu’s benefits, suggesting that a hybrid policy that keeps
small or frequently reused objects on a server could improve
Duhu-Ray’s performance.

8.3 Microbenchmarks

Finally, we use microbenchmarks to evaluate Duhu’s RPC
and object transfer performance, the impact of accessing a por-
tion of an object, and the impact of workload characteristics.
All microbenchmarks use a producer-consumer pattern, and
to ensure fair comparison, we increase network bandwidth for
producers so that the aggregate bandwidth across producers
is 80Gbps, matching write-bandwidth to SDM.

8.3.1 RPC Performance

First, we evaluate the benefits of using Duhu-Channel as
compared to using network-based RPCs. We consider both
RPCs implemented over TCP (using the kernel network stack),
and implemented using the RDMA WriteImm operator. To

o
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Figure 15: Partial intermediate ac-
cess: Computation Time by fraction
of data accessed.

Figure 14: Partial intermediate ac-
cess: Job Completion Time by frac-
tion of data accessed.
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Figure 16: JCT as object lifetimes
change.

Figure 17: JCT as the number
of concurrent processes and object
reuse change.

fairly evaluate across these settings, our RDMA implementa-

tion has one outstanding request at a time.

In Figure 12, we report latency as we change the request
rate. Our results show that Duhu-Channels have lower latency
and higher throughput than either TCP or RDMA: they can
achieve a latency of 3.8us while supporting 3 million RPS.
By comparison, RDMA achieves a latency of 11.74us at 1
million RPS.

8.3.2 Object Transfer Performance

Next, we evaluate the benefits of transferring objects over
SDM (as enabled by Duhu) rather than over the network. We
do so using a fan-out benchmark, where we run a varying
number of fan-out task groups.

A fan-out task group consists of a producer task that cre-
ates a 200MB array of floats, and four consumer tasks. Each
consumer task is run on its own server, and computes the sum
of all elements in the array. Observe that this setup means
that three out of the four consumer tasks are remote, i.e., they
are on a different server than the producer. In both Ray and
Duhu-Ray, remote consumers need to wait for data transfer
before they can begin computation, i.e., they are blocked. In
Ray, tasks are blocked so that the remote worker can access a
local copy of the data, while in Duhu-Ray tasks are blocked
due to our lazy-copy optimization (§7).

In Figure 13 we report average blocking time when run-
ning 16, 32, and 64 fan-out task groups. Increasing the number
of task groups increases the amount of data produced from
3.2GB to 12.8GB. We observe that Duhu-Ray’s average block-
ing times are 2.80-4.29 x smaller than Ray’s. This is because
Ray needs to transfer 3 x more data, since the array must be
copied into each server’s local memory.

Furthermore, we analyzed where Duhu-Ray’s blocking
time went, by measuring time spent by the producer copying
data into SDM, time spent by a consumer getting a reference,
and the remainder. We found that allocating and putting data
into SDM (done by the producer) comprises 18.83% of the
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blocking time, and getting a remote reference and getting ac-
cess at the consumer takes 10.96%. This is expected because
the producer portion requires more data movement.
8.3.3 Accessing Partial Intermediate Data

Tasks that access a small portion of a large amount of
data can benefit significantly from Duhu’s pass-by-reference
semantics. We evaluated this benefit using a benchmark where
128 tasks (8 on each of the 16 containers) read portions of a
6.4GB array of floats and computed the sum of the portions
they read. We report on three scenarios while varying the

portion of the array read by each task: (a) whole array; (b)

h h
ﬁt of the array; and (c) 10(1)700t of the array. For the latter

two scenarios, each task chose elements at random.
Figure 14 shows JCT for all three scenarios: as expected,
Duhu-Ray’s benefits increase as a smaller portion of the array

is accessed. JCT when reading mth of the array is 4.45 %
smaller than when reading the entire array. By contrast, Ray’s
performance does not change significantly because data trans-
fer costs dominate computation time.

However, the high access latency and low bandwidth of
SDM (compared to local memory) might be a concern for
computation. In Figure 15 we report compute time (averaged

across the 128 tasks) for the experiment above. We observe

. . 1
that Ray always spends less time computing: for the %“

and ﬁm scenarios, Ray takes approximately 0.29x the
compute time of Duhu-Ray. The compute difference is higher
when summing over the entire array, because tasks then per-
form sequential access and can benefit from prefetching and
caching. Nevertheless, our results show that the reduced data
transfer time leads to lower overall JCT.
8.3.4 Impact of Workload Characteristics

The previous evaluations report on how data size affects
Duhu-Ray’s performance. We also measured the impact of
three other workload characteristics: object lifetimes; number
of tasks concurrently accessing an object; and access pattern.

We relied on the same benchmark for all three: we started
4 producer tasks (one on each server), and 128 consumer
tasks (evenly distributed across the whole cluster). Producers
and consumers ran for four iterations. Every few iterations
(specified as a parameter), each producer created 8 float arrays,
each 200MB in size. In each batch, a consumer was assigned
an array and summed a randomly selected 1% of its elements.
Object lifetimes. As object lifetimes increase, objects are
more likely to be re-accessed by some task on a server, and
thus less likely to incur data movement for both Ray and
Duhu-Ray. We measured this effect by varying the number
of iterations after which a producer creates new arrays, e.g.,
if lifetime is 2, producers create 8 new arrays every other
iteration (i.e., new objects will be created in iterations 1 and
3).

Figure 16 shows JCT as we vary lifetime from 1 to 4. As
expected, both Ray and Duhu-Ray have better performance
as the lifetime increases because data transfer costs are amor-

tized. The benefit is more pronounced for Ray because later
batches access objects from local memory, encountering sig-
nificantly lower latency. By contrast, for Duhu-Ray, SDM
access latency and bandwidth limit gains for later batches.
For the rest of the workload evaluation we set object life-
time to 4, i.e., arrays are allocated once for each experiment.

Concurrent access. The number of objects being accessed
also has an effect on data transfer, and thus performance:
data transfer can be amortized if all tasks access the same
object. We evaluate this by comparing the performance in
two scenarios: (a) scatter, where each consumer accesses a
different array; and (b) hotspot, where all consumers access
the same array. Figure 17 (left) shows the result. As expected,
hotspot has better performance than scatter for both Ray and
Duhu-Ray. Furthermore, we also observed that for the hotspot
scenario, Ray and Duhu-Ray have similar performance. This
is because each array is small, thus requiring minimal time
for data transfer.

Task access pattern. Finally, task access patterns can affect
the amount of data movement, and thus performance. We eval-
uated this by implementing two scenarios: (a) same, where
each consumer accesses the same array for all four iterations;
and (b) random, where each consumer accesses a different ar-
ray in each iteration. Figure 17 (right) reports job-completion
time for this experiment, and as one would expect, same has
lower job-completion time for both Ray and Duhu-Ray.

9 Related Work

The idea of a hardware-based disaggregated memory pre-
dates CXL and was first proposed in [31]. However, that work
does not consider using the shared memory as a means of
communication (data sharing) among clients.

Recently, CXL has attracted the attention of the research
community and several papers have appeared to address dif-
ferent aspects of this technology, including memory pool-
ing, memory tiering, and performance. With memory pool-
ing [16,28], external CXL memory is dynamically assigned
to hosts to improve memory utilization. A given chunk
of memory is assigned to at most one host, so hosts do
not use CXL memory to share data. With memory tier-
ing [27,35,51, 58, 62, 64], the CXL memory is viewed as
a slower tier of memory compared to local memory, and the
system tries to place frequently accessed hot data in the faster
tier, while moving colder data to the slower (CXL) tier. Other
work provides a performance characterization of CXL mem-
ory and its implications for applications [17,28,32,52,53].
None of these works considers CXL memory as a medium to
share data across hosts.

There is significant prior work on building distributed ob-
ject stores and key-value stores on disaggregated memory ac-
cessible via RDMA (e.g., [12,13,25,30,33,37,49]). Similar to
our setting, one or more memory servers store the key-value
data. But unlike our setting, clients use RDMA operations to
access the data in the memory server(s). RDMA is a different
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mechanism to access remote data compared to memory op-
erations in SDM: RDMA requires submitting IO operations,
so there are no problems of hardware coherence of client
caches; RDMA has lower performance on small transfers
(say 64 bytes) due to the overhead of issuing IOs; and RDMA
servers typically have some computation power, which many
systems use to run client operations (e.g., RPCs). By contrast,
we are focused on SDM, which is accessible by processors
via loads and stores without cache coherence across nodes,
and without the ability to run code at the memory. Therefore,
our techniques differ from prior work.

Work on far memory systems (e.g., [4, 14,19,46,59,63])
aims to augment local memory with additional external mem-
ory. Early work assumes the external memory is accessible
over the network, while more recent work considers CXL.

We are not the first to consider sharing data in CXL without
full coherence [8,22,24]. Prior work differs from ours in two
ways. First, they make a different hardware assumption: the
CXL memory has a coherent and a non-coherent region, and
applications can use both. Second, they target a different prob-
lem. Pasha [22] aims to build a database system using CXL
shared memory, while [24] proposes general high-level ideas
and directions of how to use this hybrid coherence model,
without targeting specific applications.

Systems without cache coherence have been explored in
both research [9,26] and industry [6,36]. The general consen-
sus is that it is hard to program with such systems.

Using pass-by-reference instead of pass-by-value for effi-
ciency is an idea that goes back to early work in programming
languages. Recent distributed systems such as Ray [38,56],
Ciel [39], and Distributed PyTorch [45] use pass-by-reference
in remote procedure calls (RPCs), whereby data gets stored
in an object store, and applications use the key rather than the
value as the parameters (or results) of the RPC; the RPC han-
dler (or caller) later fetches the parameters (or results) from
the object store. These systems differ from ours because their
references are keys in an object store rather than addresses in
SDM, and ultimately nodes still create copies of the object by
fetching it from the object store, which is pass-by-value. As a
result, these systems do not address the problem of memory
and network transfer overheads in DDFs that we address (they
solve a different problem), and they are not faced with the
SDM cache-coherence issues that we tackle.

Lightning [65] is an in-memory object store that allows
multiple threads to directly address objects in local memory
without requiring inter-process communication or a mediat-
ing daemon. Thus, Lightning implements pass-by-reference
semantics within a single node, but cannot be extended to
the distributed setting we target because it requires cache
coherence and does not consider cross-node synchronization.

There is a long line of work on distributed shared memory
(e.g., [3,5,7,29,40,47,48]), which seek to implement a shared
memory abstraction on top of a message-passing system, in-
cluding both software and hardware-based implementations.

Our goal is not to build shared memory but rather to use it.
10 Discussion

Support for copies. Duhu reduces unwanted copies of the
data in DDFs by keeping objects in SDM. However, in some
cases it is desirable to have copies to avoid bottlenecks. For
example, a small immutable object may need to be accessed
frequently by all nodes. We observe that Duhu can be used to
provide copies—and can do so in a controlled manner. The
DDF can put many objects with the same content in Duhu,
and these objects can be given to different nodes. The DDF
scheduler can decide how many objects (replicas) to create,
including having a replica per node if desired.

Creating objects in SDM. Currently in Duhu, an object
needs to be fully initialized in local memory before putting
it in SDM. It could be useful to create the object directly in
SDM to support large objects that do not fit in the remaining
local memory, and to avoid the cost of copying the object
from local memory to SDM. We can extend Duhu to support
this functionality by adding a function that allocates space in
a segment’s data region and returns a pointer to SDM. Then,
the DDF uses this pointer to populate the object. Finally, the
DDF can use Put, augmented with a flag to indicate the object
is already in SDM, to make it accessible by other nodes.
Loading objects from disk to Duhu. A DDF job often takes
as input data from disk; currently, Duhu incurs some overhead
in loading from disk, because objects must first be loaded into
local memory before putting them into Duhu. Instead, it would
be useful to extend Duhu with a function that loads data from
disk by directly performing IO on buffers in SDM.

11 Conclusion

Duhu is an immutable object store designed for use with
current and future shared disaggregated memory systems. It
stores data in SDMs, which may not offer full cache coherence
guarantees. Duhu is targeted at distributed data processing
frameworks, which often copy data from the node that pro-
duces it to the nodes that wish to consume it; these copies in-
cur significant memory and network transfer overheads. With
Duhu, such frameworks avoid these copies by placing data
in a common shared space. We integrate Duhu with Ray and
evaluate the resulting system, Duhu-Ray, on a prototype CXL
disaggregated memory system. We find that Duhu-Ray can
outperform Ray by up to 3.39 x on a shuffle workload.
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Content Branch Location

Artifact README  duhu README . md
Implementation
Duhu-Ray duhu Main changes under src/ray/object_manager/
Ray releases/2.40.0 No change
Experiments duhu duhu-eval/
FlexShuffle duhu duhu-eval/flexshuffle
Modin duhu duhu-eval/modin
Microbenchmarks  duhu duhu-eval/microbenchmark

Table 3: The contents of our artifact.

A Artifact Appendix

Abstract

This paper’s artifact includes the code for Duhu, and a
version of Ray that is integrated with it. It builds on Ray
branch releases/2.40.0, and most of the modifications are
in the object_manager. These changes include logic to allo-
cate, get (and drop) references, and delete objects in a Duhu-
managed SDM.

The repository also includes the workloads we used in our
evaluation.
Scope

When run in the same setup as described in the paper, the
artifact reproduces the workload-performance results reported
in §8.
Contents

The artifact is within a single repository, with (1) a branch
forked from the original Ray repository, (2) a modified Ray
with Duhu integrated, and (3) a set of workloads we run to
evaluate the performance of Ray and Duhu-Ray, including
FlexShuffle, TPC-H on Modin, and microbenchmarks. Table 3
lists the contents of the artifact in detail.
Hosting

The artifact is hosted in a GitHub repository
(https://github.com/nyu-systems/duhu-ray), with all contents
listed above.
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