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ABSTRACT

This paper presents MGI, a general communication framework
for performing data processing tasks in massive GPU infrastruc-
tures. Inter-GPU data transfer performance is crucial to multi-GPU
data processing, and existing solutions repeatedly implement the
same set of communication optimizations. MGI identi�es these
techniques and applies them judiciously behind a simple interface.
Enabling MGI are (1) a central controller that models relevant hard-
ware resources as an annotated graph and automates infrastructure-
level optimizations to construct transfer plans and (2) a scalable data
plane where bu�ers and executors are carefully designed to incor-
porate device- and link-level optimizations to execute data transfers
e�ciently. Our experiments on a variety of GPU infrastructures
and workloads show that MGI signi�cantly improves multi-GPU
data processing performance compared to existing frameworks.
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1 INTRODUCTION

Massive GPU Infrastructures are a byproduct of the recent Ar-
ti�cial Intelligence (AI) boom: today’s largest AI infrastructures
consist of hundreds of thousands of powerful GPUs to train and
serve large foundation models [6, 8, 28, 54]. These infrastructures,
if utilized for data processing, can signi�cantly expand the scale
of hardware acceleration: a thousand NVIDIA 40GB A100 GPUs
provide 40 TBHBM2memory and 20 PFLOPS—data can then be pro-
cessed in situ on GPUs without being spilled into the host memory.
Data exchange between the host machine and the GPU via the PCIe
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bus has been the main obstacle in using GPUs for databases [70],
and thus this trend presents new opportunities.

Promise for Data Processing. The availability of large-scale GPU
infrastructures has motivated a line of recent work on processing
database workloads using multiple GPUs [19, 24, 39, 53, 58, 63, 68,
69]. These multi-GPU systems and algorithms have signi�cantly
improved the scale of databases accelerated by GPUs. For instance,
with eight V100 GPUs interconnected with a hybrid cube-mesh
topology of NVLinks on a DGX server, MG-Join [53] achieved
25⇥ speedup for TPC-H scale factor (SF) 250 compared to its CPU
baseline; with eight A100 GPUs fully connected with NVLinks,
Lancelot [68] outperforms DuckDB by 20⇥ on TPC-H SF 320; with
ten V100 GPUs networked by In�niBand, GPUDirect join [63] can
achieve 5 billion tuples/s join throughput when joining billion-tuple
tables; �nally, with 1024 A100 GPUs locally connected by NVLinks
globally networked by In�niBand, Gao et al. [19] scaled distributed
hash join throughput to 1.7 trillion tuples/s on TPC-H SF 100000.

Communication Bottleneck and Optimizations. Recent multi-
GPU e�orts have also con�rmed the impact of cross-GPU commu-
nication. Indeed, even with NVLinks, transferring data across GPUs
is severalfold slower than accessing GPU memory (e.g., 300GB/s
single-direction bandwidth with NVLink 3.0 vs. 1550GB/s HBM2 on
40GB A100). When scaling to networked GPU servers, the network
speed can further become the bottleneck. This is despite advances
in data center networking to support large-scale model training
and deployment [18, 25], e.g., 400 Gbps RDMA. In response, exist-
ing multi-GPU data processing solutions have proposed e�ective
optimizations to improve inter-GPU communication performance,
which can be categorized as follows.
Opt 1: Pipelining Overlapping computation and communication

has been an essential design in large-scale data-centric systems to
o�set communication overhead [27, 40, 64], which is also applica-
ble for cross-GPU communication. With pipelined data transfers,
rather than wait for all data tuples to arrive, compute kernels on
the destination GPU can process available tuples while more data
is on the �y. Pipelining achieves most of its performance bene�t
when communication time and computation time are on par. In ad-
dition, it reduces the message bu�er size and thus the GPU memory
footprint. This optimization has been adopted in many multi-GPU
solutions for data processing [19, 39, 53, 58, 63, 69].
Opt 2: Batching To amortize transfer overhead and increase link

utilization, small data tuples should be consolidated into larger
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batches. For example, transferring 64MB chunks is 4.8⇥ faster
than transferring 1MB chunks with cudaMemcpyPeer between two
A100 GPUs connected via NVLink 3.0 (260GB/s vs. 55GB/s). This
optimization was incorporated in MG-Join [53] and Vortex [69]
with their tuned unit transfer sizes (16MB and 24MB, respectively).
Batching also e�ectively improves network communication perfor-
mance, as adopted in distributed GPU joins [19, 63].
Opt 3: Multi-path Due to advanced interconnectivity betweenGPUs,

there are often multiple data paths between two GPUs. For example,
in the hybrid cube-mesh topology on DGX-1 [48], there can be at
maximum �ve equal-bandwidth NVLink 2.0 paths between two
V100 GPUs. If fully taken, they can o�er 5⇥ throughput increase
for cross-GPU communication. Multi-path data transfers have been
exploited in MG-Join (multi-path routing) [53], Vortex (multi-path
forwarding) [69], and Lancelot (cross-GPU broadcast) [68].
Opt 4: NIC-direct When transferring data to a GPU on a remote

server, rather than relaying the messages from the network inter-
face card (NIC) to the server host and then to the destination GPU,
GPUDirect [47] allows direct access from the NIC to GPU memory,
thereby saving host-GPU PCIe communication. This technique has
been employed by GPUDirect join [63] and thousand-GPU join [19].

Problems with Existing GPU Communication Solutions. Al-
though previous proposals for multi-GPU data processing have
e�ectively improved the performance of cross-GPU data transfers,
they lack generality: they were proposed for speci�c scale (scaling
up on a single GPU server [24, 39, 53, 58, 68, 69] vs. scaling out to
networked GPU servers [19, 63]), some for speci�c interconnect
technology (e.g., direct connectivity with NVLinks [69], PCIe [58],
or RDMA [19, 63]) and speci�c workload (e.g., join [19, 53, 58, 63] or
sort [39]). Deployment at a di�erent scale with a di�erent topology
or interplays with other workloads would invalidate their e�cacy.
General GPU communication frameworks such as NCCL [46] and

UCX [65] lack e�ciency: they target machine learning workloads
and are not optimized for data processing. Computation and com-
munication cannot be overlapped (i.e., no pipelining) with the collec-
tive API in NCCL-like or MPI [64], UCX’s point-to-point primitives
are not broadcast-friendly, and multi-path data transfers need to be
manually implemented on a case-by-case basis.

Our Proposal. To support data processing in massive GPU infras-
tructures, we propose MGI, a general communication framework
that provides a simple interface and e�ective optimization tech-
niques for data processing tasks on GPUs. MGI’s interface consists
of basic asynchronous send and receive functions. It allows for
schema speci�cation and introduces channels to easily create data
�ows for various communication patterns. Behind the API, MGI
provides the communication optimizations (i.e., Opt 1–Opt 4) and

applies them automatically. MGI transparently scales up and out
and adapts to the topology of the target GPU infrastructure.

Challenges and Contributions. Developing a general and e�-
cient GPU communication framework for data processing presents
several signi�cant challenges. First, real-world GPU infrastructures,
especially the interconnectivities between GPUs, are heterogeneous.
MGI must (and does) apply its optimizations judiciously based
on the target GPU infrastructure. Second, speci�c inter-GPU data
movement primitives exhibit sophisticated characteristics. For in-
stance, peer-to-peer (P2P) direct memory access (DMA) achieves

low-latency data transfers, but it requires direct or switched PCIe
or NVLink connectivity between source and destination GPUs and
the peak bandwidth is lower than host-issued cudaMemcpyPeer.
MGI must (and does) incorporate such sophistication to e�ciently
harness these primitives. Moreover, unlike CPU programs, GPU ap-
plications execute in massively parallel with hundreds of thousands
of threads. Uncoordinated communication can easily lead to warp
divergence. MGI must (and does) carefully partition application
threads and pace its �ows with minimal synchronization overhead.
MGI achieves all its design goals with (1) a central controller that
models the target GPU infrastructure as an annotated graph tomake
global communication decisions, and (2) a distributed data plane

that optimizes data transfers on individual devices and links. We
have implemented various data processing tasks with MGI’s API,
along with a variety of communication patterns. Our experimental
results show that MGI can e�ectively shorten cross-GPU communi-
cation time and improve overall data processing task performance.
In summary, this paper makes the following contributions:

• Motivation for a new communication framework (§2).
• Architecture of MGI (§3).
• Design of MGI’s control plane (§4) and data plane (§5).
• Publication of MGI’s codebase, and extensive evaluation

of data processing performance with MGI using various
workloads and hardware setups (§6).

2 WHY A NEW FRAMEWORK

2.1 Massive GPU Infrastructures Are

Increasingly Common

GPUs (Graphics Processing Units), originally designed to acceler-
ate graphics rendering targeting gaming and multimedia markets,
have evolved to high-throughput computing devices for general
applications [31, 36, 62]. A GPU device consists of multiple Stream-
ing Multiprocessors (SMs), each containing numerous simple cores
that execute instructions in a Single Instruction, Multiple Threads
(SIMT) fashion. GPU memory is organized in hierarchy, including
global memory, L2 cache, SM-local shared memory and L1 cache,
and registers, each varying in size and access speed. Today’s GPUs
can execute up to hundreds of thousands of threads in parallel with
terabytes/s random memory speed.

Due to the emerging generative capabilities of large foundation
models and popularity of AI applications [13, 50], many AI data
centers comprising large amounts of GPUs have been built across
the globe in recent years [11, 21, 57]. These GPU resources are used
to train and deploy large models at scale [6, 8, 28, 54]. For instance,
the xAI Colossus Supercomputer consists of 100 thousand NVIDIA
H100 GPUs [12], and Meta plans to incorporate more than 1 million
GPUs in its data centers [56]. This trend applies not only to tech
giants. For individual practitioners, cloud vendors such as AWS [2],
Azure [41], GCP [20], and OCI [51] are o�ering powerful GPUs in
their commodity instances. Computing infrastructures in academia,
e.g., CloudLab [10], Chameleon Cloud [7], and Digital Research
Alliance of Canada [14], are progressively incorporatingmore GPUs
in their expansions. Therefore, massive GPU infrastructures are
becoming increasingly available. When they are not used by AI
jobs [4, 42], other applications, such as data analytics, can also
bene�t from the massive-scale acceleration.
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(a) Opt 1 (b) Opt 2 (c) Opt 3 (d) Opt 4

Figure 1: Optimizations for inter-GPU communication.

2.2 Communication Optimizations Matter

To verify the signi�cance of optimizing inter-GPU communica-
tion, we use isolated microbenchmarks to evaluate the performance
improvement each individual optimization brings, from Opt 1 to

Opt 4. Our basic setup is a GPU cluster with four A100 GPUs fully

interconnected by NVLink 3.0. Each pair of GPUs are connected
with two NVLink 3.0 links, providing a theoretical 50GB/s unidi-
rectional bandwidth. We use cudaMemcpyPeer as the GPU-to-GPU
communication primitive. The measurement setup and results for
each communication optimization are as follows.

To measure the bene�t of pipelining, we transfer 1 GB data tuples
from the source GPU to the destination GPU. We compare two
options: without Opt 1, the destination GPU processes the data

tuples after all tuples are received; with Opt 1, the destination GPU

processes tuples as they arrive. Figure 1a shows the result: Opt 1

brings a ⇠2⇥ throughput increase (23GB/s vs. 44GB/s).
We next evaluate the e�ect of batching (Opt 2): we vary how

many 256-B tuples are batched on the source GPU before sending
them to the destination GPU: 64, 1 thousand, and 64 thousand tuples.
Figure 1b shows that the NVLink bandwidth is fully utilized when
16MB of tuples are batched (the “Opt” bar), while smaller batches
utilize only 5% and 41% of the link bandwidth.

In addition to the direct NVLink between a pair of GPUs, there
are two indirect paths, each via an intermediate GPU. To evaluate
the bene�t of multiple paths (Opt 3), we manually enable the two

additional paths by separating the data on the source GPU into three
�ows. Figure 1c shows the e�ect: although the indirect paths are
longer than the direct one, each can contribute 23GB/s throughput,
and thus the total communication throughput increases to 90GB/s—
2.1⇥ faster than the single path.

Finally, we evaluate NIC-direct communication (Opt 4): we trans-

fer data between GPUs on two servers, each equipped with a 100
Gbps ConnectX-5 NIC, with pipelining disabled. With the baseline
approach, data is �rst copied to the host memory, then sent to the
remote server with RDMA, and �nally copied to the destination
GPU. In comparison, Opt 4 uses GPUDirect RDMA to copy the data

in the source GPU’s memory from the NIC and write it directly
to the destination GPU’s memory. Figure 1d shows that bypassing
the hosts between networked GPUs increases the data transfer
throughput from 37Gbps to 84Gbps.

2.3 Existing Solutions Are Insu�cient

Table 1 provides an overview of communication optimization sup-
port in existing solutions. Opt 1–Opt 4 have been partially incorpo-

rated in existing data processing systems or algorithms [19, 24, 39,
53, 58, 63, 67–69]. However, there have not been GPU communica-
tion frameworks that o�er these optimizations, and the e�ort must
be repeated for new infrastructures or developing new solutions.

Table 1: Communication optimization support for data pro-

cessing in existing solutions. ⇤Including other NCCL-like li-

braries, such as RCCL, MSCCL, Gloo, and CUDA-aware MPI.

Data Processing Proposals Frameworks

[19] [39] [53] [58] [63] [67] [68] [69] NCCL⇤ UCX

Opt 1 � � � � � �

Opt 2 � � � �

Opt 3 � � � �

Opt 4 � � � � �

Table 2: Summary of GPU infrastructures adopted in recent

work. ⇤Applicable optimizations.

GPU Infrastructure and Adoption Connectivity Opts⇤

Single-server PCIe [58, 68] Fig. 2a 1, 2

Single-server PCIe and NVLinks [39, 53, 66, 69] Fig. 2b 1–3

Single-server PCIe with NUMA [17] Fig. 2c 1, 2

Single-server PCIe and NVLink with NUMA [39] Fig. 2d 1–3

Single-server NVLink with NUMA [39] Fig. 2e 1–3

Single-server hybrid cube mesh [53, 72] Fig. 2f 1–3

Single-server NVSwitch [30, 39, 68] Fig. 2g 1–3

Multi-server Ethernet [1] Fig. 2h 1, 2

Multi-server RDMA [63] Fig. 2i 1, 2, 4

Multi-server NVSwitch and RDMA [19] Fig. 2j 1–4

To further show the complexities of generalization, we have
surveyed the infrastructures adopted in recent multi-GPU data
processing proposals. Table 2 summarizes the setups and applica-
ble communication optimizations. Figure 2 depicts the inter-GPU
connectivity and topology in each setup. As can be observed, com-
munication optimizations are coupled with the speci�c connectivity
to a great extent. In addition, the parameters in these optimizations
(e.g., batch size) should be �ne-tuned based on the hardware (e.g.,
link speed). Hence, in the era of massive GPU infrastructures, data
processing on multiple GPUs can bene�t from a general framework
that applies the optimizations across heterogeneous setups.

3 THE MGI FRAMEWORK

MGI is a communication framework for data processing in massive
GPU infrastructures with the goals below.

• Fast.MGI should fully apply communication optimizations
to maximize data transfer throughput. MGI should also
facilitate developing e�cient GPU kernels.

• General. Facing up, MGI should be general to applications
to support various communication patterns in di�erent data
processing tasks. Facing down, MGI should be general to
infrastructures to enable and disable optimizations based
on the speci�c setup in its current deployment.

These two goals have determined the interface, architecture, and
detailed communication execution strategies of the framework.

3.1 Interface

Host API. Given the variety of operations and data distributions,
communication patterns in data processing tasks can be arbitrary
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Figure 2: Inter-GPU connectivities adopted in recent multi-

GPU solutions. XPI represents cross-socket CPU intercon-

nects (e.g., Intel QuickPath Interconnect [26]).

and irregular, e.g., many-to-many shu�e, one-to-many broadcast,
or point-to-point delivery. These cannot be easily expressed with
collective-based GPU communication frameworks [46]. Inspired
by communication libraries widely adopted by databases [34] and
recent proposals for high-performance database networking [64],
MGI adopts a host API based on endpoints and channels for compos-
ing data �ows between GPUs. Speci�cally, in MGI, communication
activities are organized in Channels. A channel consists of uniquely-
identi�ed Endpoints. Each GPU device in the infrastructure can be
registered as an endpoint. Table 3 shows the API for applications
to create endpoints (CreateEp) and form communication channels
(CreatCh). Speci�cally, CreateEp creates an endpoint for the �rst
available GPU. The user can also specify a di�erent GPU. A global
endpoint id is returned upon a successful invocation. CreateCh
creates a channel with a list of endpoints as sources and a second
list of endpoints as destinations and returns a global channel id.
Generally, data is produced by source endpoints and consumed by
the destination endpoints. To support database-speci�c use cases,
e.g., shu�ing a table with a partition attribute for distributed join,
a channel can be further speci�ed with the following arguments:

• Schema of the communication data, which speci�es an or-
dered list of attributes and their types.

• PartKey in the schema, which speci�es the attribute in the
schema that will serve as the partition key.

Otherwise, data sent by each source endpoint is broadcast to des-
tination endpoints. A GPU endpoint can participate in multiple
channels or in one channel twice as both a source and a destination.
These two functions are supposed to be invoked by the host end of
the application to implement arbitrary data �ows, such as shu�ing,

Table 3: MGI’s API. Endpoints and channels are managed on

hosts, while data is directly transferred on GPUs.

API Function

CreateEp([, Device]) Create an endpoint and returns its id

CreateCh(SrcEps, DstEps [,

Schema, PartKey])
Create a channel and return its id

DeleteCh(ChId) Delete a channel

DeleteEp(EpId) Delete an endpoint

Send(ChId, SrcBuf [, DstEp, Size])
Send data to a channel and return

bytes successfully sent

Flush(ChId) Complete all sends previously issued

Recv(ChId, DstBuf [, Size])
Receive data from a channel and re-

turns bytes successfully received

combining, broadcast, or point-to-point data transfers. Channels
and endpoints can be deleted with DeleteCh and DeleteEp.

Device API. Unlike existing GPU communication frameworks
which initiate communication activities on hosts [46, 65], MGI’s
data-plane API is directly called on GPU devices. This design avoids
breaking pipelining: data transfers occur concurrently with user
kernel execution without blocking the latter. Device API also facil-
itates kernel fusions and megakernels [52]. Using the channel id,
user kernels on endpoints can perform inter-GPU communication
with MGI’s data-plane functions: Send, Flush, and Recv.

Send Semantics. User kernels on source endpoints send data tuples
into a channel by calling the Send function with the channel id and
the addresses of the tuples. A tuple C is sent with the following rules:
(1) if the optionalDstEp argument is speci�ed, C is sent toDstEp; (2) if
the schema and the partition key of the channel are both speci�ed, C
is sent to the destination endpoint PartKey% |⇡BC⇢?B |; (3) otherwise,
C is broadcast to all destination endpoints. Loopback is discussed in
§5.4. To enable pipelining (Opt 1), Send is asynchronous and returns

immediately when the tuple is accepted in MGI’s send bu�er, and
the number of bytes accepted is returned. Data accepted in MGI’s
send bu�er will be transferred to the destination endpoint(s) using
reliable local interconnects (e.g., NVLinks or PCIe) or end-to-end
transport protocols (e.g., TCP or reliable RDMA) depending on the
remote locations and hardware availability. If MGI’s send bu�er is
full, the function returns zero.

Flush Semantics. To signal the framework that all data tuples have
been sent, poll the completions of previously send operations, and
synchronize with the receivers, user kernels can invoke Flush,
which appends an EOF tuple into the channel and blocks until all
data tuples sent from the current user thread block have been
delivered to their destination endpoints.

Receive Semantics. To receive data tuples from a channel, user ker-
nels on destination endpoints invoke Recv by providing the channel
id ChId and the reception bu�er DstBuf. In case of a schemaless
channel, the size of DstBuf should be speci�ed. This function is
also non-blocking: if data is available in MGI’s receive bu�er, it is
moved to DstBuf and its size is returned; otherwise, it returns zero.
If no more tuples to be received from the channel, EOF is returned.

Example. To demonstrate the usage of MGI’s API, we show the
pseudocode of a multi-GPU GroupBy implementation in Figure 3.
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⌥ ⌅
// ON DEVICE
⌃ ⇧
⌥ ⌅
__global__ GroupBy(ChId , Part , PartSize , TupLen) {

extern __shared__ totSend = 0;

extern __shared__ ht = MakeHashTable ();

// Pipelined send , receive , and GroupBy

while (totSend != PartSize) {

while (Send(ChId , Part[Increment (& totSend)]));

while (Recv(ChId , &tuple)) AggFunc(ht, tuple);

}

Flush(ChId);

__sync ();

do {

ret = Recv(ChId , &tuple);

if (ret == EOF) break;

if (ret) AggFunc(ht, tuple);

} while (true);

}
⌃ ⇧
⌥ ⌅
// ON HOST
⌃ ⇧
⌥ ⌅
for(d = 0; d != AllGPUs.size(); d++) {

parts[d] = LoadPart(d);

eps[d] = CreateEp(d);

}

schema = {int , long};

partKey = 0;

ch = CreateCh(eps ,eps ,schema ,partKey);

for (d = 0; d != eps.size(); d++)

GroupBy <<<BLOCKS ,THREADS >>>(ch, parts[d], parts[d].

size(), sizeof(schema));
⌃ ⇧

Figure 3: A multi-GPU GroupBy pseudocode with MGI’s API.

Host. Each GPU on the server is responsible for processing one par-
tition of the input database table and is registered as an endpoint
with CreateEp. All GPUs are utilized for the job, and thus all end-
points are both sources and destinations. A communication channel
is created with CreateCh with speci�ed schema and partition key.
Finally, the kernel is launched on each GPU with the channel id.

Device. User threads on each GPU call MGI’s API to shu�e the
tuples across GPUs based on the GroupBy key. The work�ow is
pipelined by interleaving Send, Recv, and the aggregation function.
Each thread calls Flush to complete sending and continuously calls
Recv to receive and aggregate tuples until EOF is returned.

3.2 Architecture

MGI is a distributed framework comprised of a control plane that
generates data transfer plans incorporating global, infrastructure-
level optimizations (Opt 3 and Opt 4) and a data plane that executes

transfer plans with device- and link-level optimizations (Opt 1 and

Opt 2). Figure 4 shows its overall architecture.

Hardware Infrastructure. A GPU infrastructure consists of GPU
servers. Each server has CPU, memory, and one or multiple GPU
devices. The CPU and GPU(s) on a server are connected by intra-
server links or switches, e.g., NVLinks, NVSwitches, and PCIe,
and form the server’s local connectivity. Di�erent GPU servers
are connected by a network that consists of NICs and the fabric
(i.e., cables and switches) and provides end-to-end connections
with a reliable transport protocol (e.g., TCP or RDMA), forming the
infrastructure’s network connectivity. For generality, MGI does not
assume a speci�c local or network connectivity.

Controller. A MGI deployment is managed by its Controller, a
central component at the heart of the control plane. It is an inde-
pendent service that can be deployed on a dedicated CPU server in
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Figure 4: Architecture and system components of MGI.

the cluster. Since it consumes limited resources (by default 10 CPU
cores and under 1GB memory), it can also be colocated on one of
the GPU servers and further replicated (e.g., with ZooKeeper [3])
across multiple of them for fault tolerance (if the controller becomes
unavailable, although existing channels are not a�ected, new chan-
nels cannot be created). Speci�cally, the controller creates a thread
pool to receive and process network requests from all GPU servers
and employs three modules to construct global transfer plans: (1)
Topology Discovery, which generates a GPU network graph with the
intra-server and inter-server connectivities augmented with hard-
ware specs, (2) Channel Creation, which processes user requests
from applications and generates transfer plans, and (3) Transfer
Optimizer, which takes the topology graph and channel speci�ca-
tions and applies infrastructure-level optimizations, i.e., multi-path
(Opt 3) and NIC-direct (Opt 4).

Agent. Each server has an Agent that runs on the server’s CPU and
acceptsMGI’s host API invocations, i.e., Create(/Delete)Ep(/Ch).
On its startup, an agent collects the local connectivities and hard-
ware speci�cations and reports them to the controller, where the
global topology of the infrastructure is discovered. When an ap-
plication creates a channel, the agent forwards the request to the
controller and, when the transfer plan is returned, sets up message
bu�ers and data-plane executors. The channel is then ready for use.

Sorters and Movers. Data-plane operations are collectively ex-
ecuted by workers on each GPU (Sorters) and the CPU (Movers).
Sorters partition data tuples generated by asynchronous Send calls
(Opt 1) by their destination endpoints. Once su�cient tuples are

produced for a speci�c destination (Opt 2), they will be forwarded.

Data forwarding between GPUs is performed by Movers.

Message Bu�ers. To pipeline data transfers, sorters on source
endpoints utilize two separate bu�ers: Stage Bu�ers that accept user
data and Sort Bu�ers that store the results of sorting, i.e., tuples
partitioned by destinations.When transferring data via the network,
the host will also create sort bu�ers to forward the tuples if NIC-
direct is not possible. Destination endpoints create Receive Bu�ers
to receive tuples and Final Bu�ers to store tuples to be consumed.

Work�ow. An application consists of a host program run on each
server’s CPU and GPU kernels run on each server’s GPUs. To create
endpoints and channels, the host program calls MGI’s host API to
send the requests to the local agent. The agent then communicates
with the controller and creates executors and bu�ers based on
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Figure 5: Examples of MGI’s GIGs. Edge weights are omitted.

the response. At runtime, the application’s GPU kernels call MGI’s
device API to send and receive data to/from other GPUs. The sorters
on source endpoints and the movers on the hosts coordinate to
transfer data to the destination endpoints, where the sorters �nally
dispatch data to the application’s thread blocks.

Debugging and Pro�ling. As an underlying framework for data
processing systems, MGI provides essential logging and perfor-
mance testing support to facilitate system debugging, monitoring,
and pro�ling. Speci�cally, logging at multiple levels can be en-
abled/disabled on demand from info logs, such as the speed of
sorters and movers and the usage of bu�ers, to error logs, such as
network connectivity issues. A suite of performance test tools are
also provided to measure the throughput of a variety of communi-
cation patterns in the deployed infrastructure (§6.3).

Novelty. While the speci�c optimizations (Opt 1–Opt 4) have been

individually explored in prior data processing proposals (Table 1),
MGI makes the following novel contributions:

• Full support of optimizations, which allows data processing
tasks to unlock the combined e�ciency of all the optimiza-
tions (e.g., for the topology in Figure 2j).

• Adaptation of optimizations to infrastructure, which allows
data processing tasks to achieve high performance across
heterogeneous hardware setups.

• Framework design, which allows data processing tasks to
bene�t without implementing the optimizations.

Achieving these requires addressing challenges in both the con-
trol and data planes, which we detail in the next sections.

4 CONTROL PLANE

MGI adopts a central controller to make network-wide communica-
tion decisions. This section presents our network abstraction and
how MGI generates optimized transfer plans and creates channels.

4.1 Network Abstraction

MGI enables infrastructure-level communication optimizations
with its network abstraction, called GPU Infrastructure Graph (GIG
for short). Speci�cally, a GPU infrastructure is modeled as a directed
graph ⌧ = (+ , ⇢), where the vertex set + includes all types of de-
vices that participate in communication activities (i.e., generating
or forwarding communication data), e.g., GPUs, CPUs, NICs, and
switches. The edge set ⇢ includes all types of links that connect ver-
tices with an associated weight denoting the link capacity in each
direction. On top of the basic model, vertices are further classi�ed
into Managed Vertices ( v ) and Unmanaged Vertices ( v ) depending
on whether MGI has components (bu�ers and executors) running
on the vertex. Currently, MGI manages CPU and GPU vertices and

Table 4: List of hardware components for GIG construction.

Hardware Components GIG Elements

CPUs, declared GPUs Managed vertices

NICs, NVSwitches, PCIe switches Unmanaged vertices

PCIe lanes, NVLinks, XPI links Edges

leaves NIC and switch vertices unmanaged. An edge ( ) can con-
nect any two vertices, regardless of their types, and di�erent types
of links only di�er in capacity (edge weight).

Figure 5 shows three examples of MGI’s GIGs, corresponding to
three GPU connectivities in Figure 2. Figure 5a models the GPUs
and the CPU on a single-server connected by PCIe (Figure 2a) as
a GIG consisting of 5 managed vertices and 2 unmanaged vertex:
E0, E1–E2, and E3–E6 represent the CPU, PCIe switches, and GPUs,
respectively. Figure 5bmodels a DGXA100 server (Figure 2g), where
there are two CPU vertices (E0, E1) and eight GPU vertices (E6–
E13). The unmanaged vertices include 4 PCIe switches (E2–E5) and
NVSwitch (E14). Figure 5c shows a scale-out example with two
servers (Figure 2i): the two CPUs on each server are modeled as two
managed vertices that are connected (E0, E1, and E8, E9, respectively).
Each GPU vertex (E6, E7, E14, or E15) is connected to the PCIe switch
in its NUMA socket, which is an unmanaged vertex (E2, E3, E10, or
E11). Since the NICs are RDMA NICs that can directly access GPU
memory, each NIC vertex (E4, E5, E12, or E13) is connected to both its
corresponding PCIe switch and GPU. Finally, there is an umanaged
vertex representing the network (E16), which connects all the NIC
vertices. We next present how GIGs are constructed and utilized
for global communication optimizations.

4.2 Graph Construction

A GIG is constructed following a two-level process. The agent on
each server �rst builds a local graph, which serves as a subgraph of
the global GIG, based on its local hardware components, as listed
in Table 4. More speci�cally, the agent �rst includes the GPUs
declared by the user and the CPUs on all NUMA nodes as managed
vertices. It also detects communication devices: NICs, NVSwitches,
and PCIe switches, and the links connecting these devices: PCIe
lanes, NVLinks, and XPI links, augmented with their capacities.
Without losing details required for communication optimizations,
the agent simpli�es the subgraph with the rules below:

• All NVSwitches are merged to a single unmanaged vertex.
• Links that have the same ends are merged to a single edge

with the aggregated capacity as the weight.

Di�erent NICs are modeled as separate unmanaged vertices. In ad-
dition, if a NIC can directly access GPUmemory, an edge connects it
to the local GPU vertices. These treatments facilitate NIC-direct and
multi-NIC optimizations (§4.3). Once the subgraph is constructed,
the agent reports it to the controller as shown in Figure 7.

When the controller receives the subgraphs from all agents, the
Topology Discovery module (TD) adds an additional unmanaged
vertex representing the network and connects it to all NIC vertices
(with the link capacities as the edge weights) to form the �nal GIG.

4.3 Global Optimizations

The Transfer Optimizer module (TO) takes a list of source endpoints
SrcEps and a list of destination endpoints DstEps and explores the
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Input:⌧ : GIG, ( : srcs, ⇡ : dsts

Output: Paths from ( to ⇡

State: Path set % initialized to empty

1 for s in S, d in D do

2 if % (B ,3) is not cached then

3 if B and 3 are on the same server then

4 Edmonds-Karp-Cache(⌧ , % , B , 3)

5 else

6 Edmonds-Karp-Cache(⌧ , % , B ,⌧ .Enet)

7 Edmonds-Karp-Cache(⌧ , % ,⌧ .Enet, 3)

8 % (B , 3) = Concat(% (B ,⌧ .Enet), % (⌧ .Enet, 3))

9 cache % (B , 3)

10 Function Edmonds-Karp-Cache(⌧ , % , B , 3)

11 if % (B ,3) is not cached then

12 % (B ,3) = Edmonds-Karp(⌧ .+ ,⌧ .⇢, B , 3)

13 cache % (B , 3)

Figure 6: Algorithm in TO.

opportunities for optimizing data transfers from the sources to the
destinations with Opt 3 and Opt 4, based on the GIG ⌧ = (+ , ⇢).

To maximize the bandwidth from SrcEps ( = {B0, B1, ...} ✓ + to
DstEps ⇡ = {30,31, ...} ✓ + , TO solves a multi-source multi-sink

max-�ow problem:

argmax
%

’

?2%,B2(,32⇡

⇠? (1)

where ⇠? is the capacity of a path ? from B to 3 .

Complexity. Let # be the average number of GIG vertices on a
server and" be the number of servers in the current deployment.
Assume the full connectivity on each server (e.g., Figure 2b), which
results in $ (# 2") edges in ⌧ . Directly solving the multi-source
multi-sink max-�ow problem over the entire⌧ is computationally
expensive. The worst-case complexity using the Edmonds–Karp al-
gorithm [16] is$ ( |+ | |⇢ |2) =$ (# 5"3), which becomes prohibitive
when the cluster size is large (e.g., # = 10 and" = 1000).

A Hierarchical and Incremental Approach. TO decomposes
the problem by (1) exploiting the hierarchical structure of GIGs to
lower complexity and (2) reducing the scope to single-source single-
sink pairs to incrementally build the �nal solution and maximize
the chance of reusing intermediate results. Figure 6 shows TO’s
path generation algorithm. Speci�cally, we reuse the previously
generated paths with the Edmonds-Karp-Cache function (lines 10–
13, E.K.C. for short). For each source and destination pair (B,3),
we generate its paths % (B,3) only if they have not been generated
before (lines 1–2). If B and 3 are the same server, we directly run
E.K.C. to generate and cache its paths (lines 3–4). If they are on
di�erent servers, we decompose the path generation at the server
level (lines 5–9): E.K.C. is �rst applied to generate and cache paths
from B to the unmanaged network vertex in⌧ Enet, and then from
Enet to 3 . These two sets of paths are �nally concatenated at Enet and
cached. This approach reduces the complexity to max-�ow at the
server level O(# 5"), and we further reuse paths across channels.

E�ectiveness. TO enables global optimizations as below.

• Opt 3: Multi-path The algorithm automatically detects mul-

tiple communication paths between a source endpoint and
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Agent ...Agent Agent
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1
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3
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Figure 7: Control messages.

a destination endpoint, regardless of the link type. For in-
stance, in Figure 5b, two paths can be taken for E8 to transfer
data to E9: the NVLink path via E14 and PCIe path via E3.
It further expands multi-path communication beyond a single

server. Speci�cally, all NICs on a server are modeled in the
GIG as umanaged vertices, which are connected to Enet. In
decomposition, (1) all paths from B to Enet and from Enet to 3
must include NIC vertices, and (2) every NIC, if it can form
a path that contributes to the aggregated bandwidth, will
be included. As Figure 5c shows, in addition to the shortest
path from E6 to E14 (via E4, E16, and E12), the second NIC on
each server is used to generate another path: E6 ! E2 !

.. ! E10 ! E14.
• Opt 4: NIC-direct Direct GPU accessibility from a NIC is

�rst modeled in the GIG with an edge connecting the NIC
and the GPU. The E.K. algorithm adopted in TO runs
breath-�rst search (BFS) to �nd available paths and thus

favors shorter paths. The direct edges between NICs and
GPUs, if present, will always be included in the generated
paths from B to Enet and from Enet to 3 . Figure 5c shows
an example: the shortest path from E6 to E14, where NIC
vertices (E4 and E12) directly access the GPUs, is selected.

Completeness. TO �nds all possible paths between SrcEps and
DstEps, i.e., any path identi�ed by solving the multi-source multi-
sink (MSMS) max-�ow problem is also identi�ed by TO. Speci�cally,
the MSMS max-�ow problem can be reduced to a single-source
single-sink max-�ow problem by adding a super-source Bsuper con-
nected to each source and a super-destination 3super connected with
each destination. For any path identi�ed by the Edmonds–Karp algo-
rithm: Bsuper ! B ! ...(?) ! 3 ! 3super, the path B ! ...(?) ! 3

can be identi�ed by E.K.C against (B,3) and included in % (B,3).

Total Bandwidth as Capacity. ⇠? in formula (1) is the minimum
total bandwidth among all links constituting ? . We use total band-
width (TBW), rather than currently available bandwidth (CABW),
as capacity for two reasons. First, CABW changes in real time,
which invalidates caching in E.K.C. because the generated paths
for a �xed source-destination pair can vary based on the instanta-
neous link utilization. Second, the discovered paths with TBW are
candidates used for generating the forwarding table (§4.4). They are
not intended for tra�c distribution. Which paths to use and how
much tra�c to distribute are dynamically determined at runtime
by MGI’s data plane (§5.4).

4.4 Channel Creation
Figure 7 shows the protocol for creating a channel. When MGI’s
controller receives a channel creation request from an agent (∂),
it processes the request with the Channel Creation module (CC).
CC �rst passes the parameters (sources and destinations) to TO
(∑). TO references the GIG constructed by TD (∏) and generates

2268



communication paths from the sources to the destinations. When
TO returns the paths, CC constructs a channel-wise forwarding table
for each managed vertex involved in the paths, which is �nally sent
to the agents of the servers involved in the channel (π).

Forwarding Table Generation. For each managed vertex, the
forwarding table determines the next hop (another managed vertex)
based on the destinations of tuples and the paths to the next hop.
The table consists of (destination, (next, paths)) entries keyed
by destination and is generated as follows: CC visits each path
% (B,3) from TO and, for each managed vertex E included in the path
starting from B , it includes all unmanaged vertices in % before the
next managed vertex E 0 in a path %E0 and populates E ’s forwarding
table with a new entry (3 , (E 0, %E0 )). If there is an existing entry for
3 in the table, the new entry is merged by destination and then,
if needed, by next. No entries are generated for 3 . For example, the
two paths from E6 to E14 in Figure 5c lead to an entry (E14, {(E0, {E2}),
(E14, {E4 ! E16 ! E12})}) in E6’s forwarding table.

5 DATA PLANE

This section presents the details of MGI’s data plane and how local
communication optimizations are incorporated.

5.1 Low-level Constructs

Data Movement Primitives. Inter-server transfers are relatively
easy: if NIC-direct is enabled, data is directly transferred by the NIC
with the NIC’s driver support; otherwise, data is �rst copied into
host memory and then sent via the most e�cient transport protocol
supported by the NIC, e.g., RDMA or TCP. Intra-server transfers
are trickier. When two GPUs are not directly linked or under the
same switching domain (e.g., PCIe or NVSwitch), peer-to-peer (P2P)
transfers are unavailable—data must be moved to the host memory
and then forwarded to the destination GPU traversing PCIe and
XPI links. These cases are easily identi�ed in the GIG.

Two options are available for P2P transfers: (1) on-device load/s-
tore instructions (adopted by NCCL) or (2) host-issued Memcpy (e.g.,
cudaMemcpyPeer), which have di�erent resource and performance
implications. Overall, the former facilitates low-latency transfers
but consumes more SMs, while the latter incurs high latency for
small messages but achieves higher throughput and consumes zero
SMs. MGI favors high throughput over low latency for massive data
transfers, and thus its P2P transfers are executed by host-issued
operations, enabled by device-host synchronization (§5.4).

Thread Coordination. User kernels on GPUs are executed with
exceedingly high parallelism, e.g., each of the 108 SMs on A100
can host up to 2048 threads organized in blocks, which total 200 K
threads. Coordination at this scale is necessary—uncoordinated
access to message bu�ers can lead to random memory access and
many control branches and thus warp divergence [23]—and chal-
lenging as synchronization across blocks is an expensive operation.
MGI adopts three-level coordination to coalesce accesses tomessage
bu�ers while minimizing synchronization overhead.

• Within a block, where atomic instructions are e�cient,
threads are synchronized to always append tuples to the
tail of the bu�er, facilitating coalescing.

• Between blocks, user blocks are assigned to MGI’s device
executors (i.e., sorters), which poll, sort, and batch tuples by

...

Stage Buffer Sort Buffers Receive Buffer Final Buffer

Batch of tuples

RTail
STail

RHead

Figure 8: Message bu�ers.

their destinations. All memory accesses issued by sorters
in the same block are coalesced with best e�orts.

• Between devices and servers, data �ows are primarily con-
trolled by MGI’s host executors, i.e., movers.

5.2 Creating Executors

Sorters are GPU threads in MGI’s persistent data-plane kernels to
sort application-generated tuples into message bu�ers and apply
communication optimizations. Their behavior highly depends on
the forwarding table. To reduce complexity, rather than involve
excessive control branches in a fully-speci�ed implementation, the
kernel is provided in each agent as a template parameterized by
the forwarding table. An agent creates sorters on each local GPU
by �rst launching the kernels and then placing a hash table that
materializes the forwarding table in the GPU global memory.

Movers are host threads that detect the readiness of bu�ers, execute
proper data movement primitives to transfer data across GPUs and
servers, and perform �ow control. Given that control branches are
e�cient on CPUs, the implementation of movers is pre-determined
and also parameterized by the forwarding table. An agent creates a
mover thread on a CPU for each local GPU.

5.3 Preparing Bu�ers

Message Format.Messages are the basic elements stored in the
bu�ers. Each message consists of a header and a payload. The
header encodes minimal information for forwarding: a 2 B channel
id and a 2 B destination endpoint id, each supporting a 64 K space.
The payload batches data tuples sharing the same next hop.

Bu�er Format. To facilitate pipelined data transfers, message
bu�ers in MGI’s data plane are organized as rings [15, 35, 64, 71],
as shown in Figure 8. Speci�cally, a ring consists of �xed-length
segments, each storing a batch of tuples. Two pointers (RHead and
RTail) coordinate the message producers and consumers. In ad-
dition, each segment also maintains STail that coordinates tuple
batching among producers and signals the completion of a batch.

Preparation. An agent allocates four types of bu�ers. Speci�cally,
when the transfer plan is received, the agent allocates a stage bu�er
per user block for each source endpoint, multiple sort bu�ers for
each source endpoint based on the number of neighbors it has in
the plan, a receive bu�er for each destination endpoint, and a �nal
bu�er per user block for each destination endpoint. If CPUs and
intermediate GPUs for multi-path are involved, receive bu�ers are
also allocated for them to forward messages.

The segment of each bu�er on an endpoint E is sized as |E .S| ⇥
|producer threads per block|⇥# where S is the schema de�ned for
the channel and # determines the degree of batching. This segment
size allows all the producer threads in the same block to send tuples
in parallel and su�cient data is batched before transferring.
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5.4 Data Transfer Pipelines

Data transfers in MGI are pipelined between the message bu�ers
driven by the data-plane executors, as shown in Figure 9.

Pipeline to Local GPUs. When user threads on source endpoints
call Send, they prepend the channel id and destination endpoint id
to the input tuples and append the tuples at STails in the RTail
segments of the stage bu�ers and then advance STails (∂). The
�rst sorter in a sorter block polls the RHead segments of the stage
bu�ers from the assigned user blocks, and once a segment is full (i.e.,
its STail reaches the end), all sorters in the block collectively read
the tuples in the segment (∑) and write each tuple to a sort bu�er
by looking up the forwarding table using the tuple’s destination (∏).
When �nished, the �rst sorter resets STail and advances RHead. A
mover polls STails in the RHead segments of the stage bu�ers on
its GPU, and once a segment is full, it executes an Memcpy command
to transfer the segment to the RTail segment of the receive bu�er
on the destination GPU (π). The �rst sorter in a sorter block on
destination endpoints polls the RHead segment of the receive bu�er,
and when new segments are received, all sorters collectively distrib-
ute the segments by reading the tuples from the receive bu�er (∫)
and writing to the �nal bu�ers (ª). Finally, the tuples are consumed
when user threads on the destination endpoints call Recv (º). A
special case is loopback, i.e., the destination of a tuple is the source
endpoint, for which the pipeline is optimized by direclty placing
the tuple in the local receive bu�er during sorting (∏). Doing so
avoids an extra copy from a sort bu�er to the receive bu�er.

Pipeline to Remote GPUs. This pipeline shares the same initial
(∂–∏) and �nal (∫–º) stages with the local one but is deeper.
When a mover polls a full RHead segment of the sort bu�er on the
local GPU targeting the CPU, it reads the segment to its receive
bu�er (Ω) and sends it to the mover on the remote server with an
e�cient transport protocol (RDMA and DPDK are preferred, with
TCP/IP as the backup) (æ). The remote mover �nally forwards a
full RHead segment to the destination GPU (ø).

All communication optimizations are incorporated in the pipelines:

• Opt 1: operations generated by MGI’s device API, i.e., Send

(∂) and Recv (º), are on-device and non-blocking.
• Opt 2: every stage that transfers data in the pipeline, i.e., ∑,

π, Ω, æ, or ø, transfers a batch of tuples in a segment.
• Opt 3: when multiple next hops exist in the forwarding

table entry (∏ and æ), all the sort bu�ers are utilized.
• Opt 4: when the forwarding table shows the next hop of a

GPU sort bu�er is a remote GPU, a mover directly writes
the data to the destination GPU, bypassing Ω and ø.

Dynamic Bu�er and Path Selection. When a host mover sched-
ules transfers (π and Ω), it dynamically selects the sort bu�er and

the next hop (when multiple paths are present) based on their oc-
cupancies, speci�cally, whether a sort bu�er has a full segment and
whether a next hop’s receive bu�er has an empty segment. When
the transfer workload is skewed, i.e., a small subset of destinations
are signi�cantly more popular than others, MGI’s dynamic bu�er
and path selection can e�ectively prioritize the sort bu�ers for
the popular destinations. Tra�c can also be e�ectively distributed
across multiple paths based on their currently available capacities.

Extensibility. MGI can be extended to incorporate future opti-
mizations at two levels. Device- or link-level optimizations (e.g.,
data (de)compression) can be integrated in the data plane without
a�ecting the control plane. Global, infrastructure-level optimiza-
tions (e.g., on-path processing with SmartNICs) would need to be
re�ected in the corresponding components of both planes (e.g., TO
and new executors). We leave these investigations to future work.

6 EVALUATION

6.1 Methodology

Workloads.We implement ExchangewithMGI where user kernels
on multiple GPUs partition and shu�e data. We further implement
GroupBy and Join atop Exchange. Our evaluation also covers vari-
ous communication patterns (§6.3) and complex queries (§6.5).

Dataset and Performance Metrics. We evaluate the above ap-
plications using TPC-H with varying scale factors (SFs). More
speci�cally, we run Exchange and GroupBy on lineitem and join
lineitem and orders, two largest tables in the benchmark. Ini-
tially, all input tables are randomly distributed across all GPUs and
held in GPU memory. The performance metric for Exchange is the
overall throughput in gigabytes per second (GB/s) of the operation,
and that for GroupBy and Join is the end-to-end execution time.

ComparedApproaches.We compareMGIwith twowidely-adopted
GPU communication frameworks and additional baselines to show
the bene�ts of utilizing multiple GPUs as follows.

• NCCL [46] (v2.27.7), a library from NVIDIA that provides
optimized collective operations between GPUs. It can scale
out to multiple servers with MPI. We use ncclSend and
ncclRecv to transfer tuples between each pair of GPUs and
group calls [49] to let NCCL optimize the communication.

• UCX [65] (v1.19), a popular communication framework sup-
porting intra-server and inter-server GPU communication.
It provides send_nbx and recv_nbx for data transfers.

• Additional baselines: (1) single GPU, which accelerates each
application (radix hash join and aggregation [5]) on a single
GPU and spills the state to host memory when GPU mem-
ory is insu�cient, and (2) DuckDB [55] (v1.4.0), an e�cient
single-machine data analytical system on CPUs.

We further compare MGI with recent data processing propos-
als [53, 68] for complex queries (§6.5).

Hardware. Host experiments are run on a cluster where each
server has an AMD EPYC 9655 2.6GHz 96-core CPU, 750GB of
DDR5 memory, and 7.8 TB of NVMe SSD. We use recent mass-
production GPUs from NVIDIA (e.g., A100 [44] and H100 [45]).
Speci�c GPU infrastructures are explained in each experiment.
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Table 5: GPU testbeds in the evaluation.

Testbed GPU #GPUs/Server #Servers Intra-server GPU Links Inter-server Links

Testbed1 A100 (108 SMs, 80GB HBM2e) 8 1 NVLink 3.0 ⇥12 = 600GB/s N/A

Testbed2 H100 (114 SMs, 80GB HBM3) 4 1 NVLink 4.0 ⇥6 = 300GB/s N/A

Testbed3 H100 (114 SMs, 80GB HBM3) 4 3 NVLink 4.0 ⇥6 = 300GB/s ConnectX-7 ⇥4 = 800Gbps
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(a) Exchange

(b) GroupBy (c) Join

Figure 10: Scale-up performance of di�erent data processing

tasks. Higher is better in (a), and lower is better in (b)(c).

6.2 Performance of Multi-GPU Data Processing

Scale-up Performance. Testbed1 in Table 5 has 8 A100 GPUs,
each with 108 SMs and 80GB HBM2e, providing 1935GB/s band-
width. GPUs are connected with 12 NVLinks 3.0 (up to 600GB/s
bandwidth) and NVSwitches—same topology as in Figure 2g.

We �rst compare Exchange throughput with MGI to that with
UCX and NCCL. Each GPU holds a shard of ⇠50GB data in memory
and shu�es the tuples by orderkey. Figure 10a shows the result.
We �rst observe that the shu�e throughput increases in all com-
munication frameworks with the GPU count due to more NVLinks
to utilize and thus higher aggregated bandwidth. Between NCCL
and UCX, the former is more e�cient and shows better scalability
because Exchange is essentially an all-to-all operation that NCCL
optimizes. Finally, Exchange throughput with MGI is signi�cantly
higher than existing frameworks: it is up to 177% and 61% higher

than UCX and NCCL, respectively. In this setup, MGI’s bene�ts pri-
marily originate from pipelining the two steps in Exchange: data
partitioning and inter-GPU transfers. With UCX and NCCL, the
application needs to �rst partition the tuples on GPUs before calling
their communication APIs on hosts to send tuples to destinations.

On top of Exchange, we further run GroupBy and Join. Speci�-
cally, in the GroupBy experiment, we group the tuples in lineitem

in SF 400 and apply a sum aggregation in each group. Figure 10b
compares the running time of GroupBy on eight GPUs with MGI,
NCCL, and UCX. This experiment also includes the CPU and single-
GPU (A100) baselines. First, the CPU baselines are signi�cantly
slower than the GPU solutions: DuckDB is 2.8⇥ slower than the
single-GPU solution and 77⇥ slower than the multi-GPU solution
with UCX. Comparing GPU solutions, single-GPU processing is
an order of magnitude slower than scaling to multi-GPUs because
the memory of a single GPU is limited and the processing is bottle-
necked by data movement over the PCIe bus: GroupBy on a single
GPU is 27⇥ slower than UCX on eight GPUs. Finally, between multi-

GPU approaches, MGI is most e�cient: it is 2.9⇥ faster than UCX

(a) Exchange (b) GroupBy (c) Join

Figure 11: Scale-out performance of di�erent data processing

tasks. Higher is better in (a), and lower is better in (b)(c).

and 1.7⇥ faster than NCCL. With MGI, multi-GPU data processing

performance is maximized: it is 226⇥ faster than DuckDB and 80⇥

faster than the single-GPU solution.

We make similar �ndings in Join evaluation. Figure 10c re-
ports the performance of Join between lineitem and orders on
orderkey, which is similar to GroupBy. This result validates the
communication bottleneck in multi-GPU data processing: once
data is transferred to the destination, the GPU can speed up the
processing to eliminate compute bottlenecks.

Scale-out Performance. To assess MGI’s ability to scale out to
multiple GPU servers, we evaluate these data processing operations
in Testbed3 in Table 5, which consists of three GPU servers. Each
server is equipped with 4 H100 SXM5 GPUs (114 SMs and 80GB
HBM3 memory 3072GB/s). Each GPU is directly connected to other
three GPUs with 6 NVLinks 4.0 providing up to 300GB/s. For inter-
server connectivity, each server has four ConnectX-7 NICs that in
total provide 800Gbps network bandwidth.

Figure 11 shows the multi-server performance of Exchange,
GroupBy, and Join with UCX, NCCL, and MGI. Generally, as in
the scale-up evaluation, MGI remains most e�cient: it provides
242% and 355% higher Exchange throughput than UCX and NCCL,
respectively, due to its ability to utilize all available NICs. UCX
1-NIC has better support for RDMA and is more performant than
NCCL. Although UCX can be con�gured to use four NICs (UCX-
4NIC), it requires manual setup and still provides lower throughput
than MGI. MGI’s e�ciency further bene�ts GroupBy and Join (on
average 3.7⇥ faster than NCCL and 2.4⇥ faster than UCX).

6.3 Varying Communication Patterns

The Exchange operator represents amany-to-many communication
pattern. To evaluate MGI’s ability to support other communication
patterns, we run the following experiments:

• Many-to-one: each endpoint but the �rst holds a partition
of the lineitem table and sends 1/# of its tuples to the
�rst endpoint, where # is the total endpoints.

• One-to-many: the �rst endpoint partitions its tuples and
sends a partition to every other endpoint.

• One-to-one (point-to-point communication): the �rst end-
point sends tuples to an endpoint on a di�erent server.

We evaluate these patterns in both scale-up (Testbed2 in Table 5
that consists of four H100 GPUs inter-connected by NVLinks) and
scale-out (Testbed 3) setups. Figures 12a–12c show the throughput
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Figure 12: MGI’s performance with various communication patterns. Legends are consistent across �gures.

(a) Additional Topo1 (b) Additional Topo2 (c) Additional Topo3

To
po

2

To
po

2

(d) Additional Topo4

To
po

3

To
po

3

(e) Additional Topo5

Figure 13: MGI’s performance with various inter-GPU topologies. Legends are consistent with Figure 12.

of the three di�erent communication patterns on 4 GPUs of the
same server, and Figures 12d–12f show the throughput on 12 GPUs
across 3 servers. MGI outperforms the other two frameworks in
all cases: 35% (413%) and 47% (991%) higher than UCX and NCCL
for scale-up (scale-out) many-to-one communication; 18% (414%)
and 99% (789%) higher than UCX and NCCL for scale-up (scale-
out) one-to-many communication; and �nally, for scale-up (scale-
out) point-to-point communication, MGI achieves 200%+ (260%+)
higher throughput than both frameworks due to its ability to utilize
multiple NVLink paths (RDMA network paths), i.e., Opt 3.

6.4 Varying Inter-GPU Topologies

We next evaluate MGI in di�erent inter-GPU topologies. In addition
to the topology in Section 6.2, we generate three more scale-up
topologies using resources in Testbed2 in Table 5 and two more
scale-out topologies using resources in Testbed3, together repre-
senting a spectrum of common topologies in GPU infrastructures.

• Topo1: four H100s fully-connected by NVLinks and PCIe.
• Topo2: three H100s fully-connected by NVLinks and PCIe.
• Topo3: two H100s connected by NVLinks and PCIe.
• Topo4: two servers, each internally adopting Topo2 and

inter-connected by four NICs.
• Topo5: two servers, each internally adopting Topo3 and

inter-connected by a single NIC.

Figures 13a–13e (bottom) visualize these topologies. They stress
a communication framework in di�erent aspects, e.g., Topo1 tests if
it can fully utilize , and Topo3 tests the smallest possible multi-GPU
setup. Topo4 and Topo5 test di�erent network conditions.

Figures 13a–13e (top) show how well MGI, UCX, and NCCL can
adapt to these topologies. We run Exchange on lineitem with a
scale factor that can �t in the aggregated memory of the GPUs
in each topology. We observe that MGI can e�ciently adapt to
each topology and consistently achieves the highest throughput:
in intra-server setups, i.e., Topo1–Topo3, MGI is up to 50% and
94% faster than UCX and NCCL; in inter-server setups, when there
are multiple NICs, i.e., Topo4, MGI achieves 274% and 416% higher
throughput than UCX and NCCL; although its improvement is
reduced in Topo5 as the multi-NIC optimization is inapplicable, it
remains the best-performing option.
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Figure 14: Performance comparison with TPC-H queries.

6.5 Comparing with Data Processing Proposals
To evaluate MGI’s bene�ts for end-to-end query processing and
directly compare it with recent proposals for multi-GPU data pro-
cessing, we implement TPC-H queries on top of MGI and compare
the performance with that of MG-Join [53] and Lancelot [68], two
single-server multi-GPU data processing proposals. Speci�cally, we
use the six TPC-H queries in the evaluation of MG-Join: Q3, Q5, Q10,
Q12, Q14, and Q19 [53]. For each query, we implement the physical
plan generated by DuckDB with CUDA kernels and replace Join
and GroupBy that require cross-GPU communication with the ones
implemented with MGI in Section 6.1. We measure the performance
of each query on scale factor 400 in Testbed1 (eight A100s) and
compare it with the performance of MG-Join and Lancelot on the
same workload and hardware.

Figure 14 reports the latency of each query achieved by the
three approaches. We observe that these queries represent a range
of characteristics: some queries shu�e signi�cant amounts data
between GPUs (e.g., 97 GB in Q3), while some barely trigger inter-
GPU communication (e.g., 2 GB in Q14). MG-Join, bene�ting from
its inter-GPU communication optimizations, is on average 1.2⇥
faster than Lancelot. With its control plane, MGI automatically
applies and tunes all applicable optimizations, e�ciently executed
by its data plane, for the deployed infrastructure and achieves higher
performance than both approaches: on average 1.8⇥ faster than
MG-Join and 2.1⇥ faster than Lancelot.

6.6 Focused Experiments

Data Transfer Primitives.MGI transfers data between local GPUs
with host-issued Memcpy. Alternatively, cross-GPU data transfers
can also be implemented with on-device load/store instructions. To
show the di�erence, we transfer tuples between two A100 GPUs in
Testbed1 using the two approaches and measure their peak through-
put and consumed SMs with di�erent bu�er sizes.
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Figure 18: Channel creation

Figure 15 shows the result. Memcpy can achieve 20%+ higher
throughput than the load/store instructions with the same bu�er
size. In addition, the latter consumes signi�cant GPU SMs to achieve
high data transfer throughput (33 SMs for the peak throughput).
Therefore, MGI’s selected primitive can provide higher data transfer
performance without consuming GPU resources.

Thread Synchronization onGPUs.MGI allocates separate bu�ers
on a GPU for di�erent thread blocks and synchronizes threads in
each block with atomicAdd. Alternatively, it can allocate a single
bu�er in the global memory and synchronizes threads in all blocks.
To evaluate the di�erence, wemeasure the throughput of appending
64-byte tuples to the message bu�ers in global memory on an A100.
As Figure 16 shows, with global atomic operations the throughput
barely increases as more SMs are utilized for sorters. In comparison,
with per-block bu�ers and intra-block synchronization, the transfer
speed scales much better with SMs.

Memory Access Patterns. MGI coalesces memory accesses from
threads to bu�ers on GPUs, i.e., memory accesses target contiguous
locations in the global memory to fully utilize memory channels. To
show how it matters, we run the same workload as in the previous
experiment but with di�erent memory access patterns: uncoalesced
accesses, where threads from the same block access disjoint mem-
ory locations, and coalesced accesses. The di�erence is signi�cant
(Figure 17): with the same SMs, coalescing brings a 3.4⇥ speedup
for global memory accesses compared to uncoalesced accesses.

Channel Creation. To show the performance of MGI’s control
plane, we measure the time of channel creation at di�erent scales
(numbers of endpoints/GPUs). As shown in Figure 18, compared to
the baseline using Edmonds-Karp, the hierarchical and incremental
TO (§4.3) of MGI drastically reduces the global optimization time
and scales better with the size of the GPU infrastructure. For ex-
ample, with 100 GPUs, while the baseline takes 34ms to create a
channel, MGI is 7.4⇥ faster with 5ms only.

Handling Skewness. Recall from Section 5.4 that MGI is immune
to data skewness. To verify this, we create a broadcast channel with
one source and four destinations in Testbed2 (Topo1 in §6.4 where
multiple paths present between any pair of GPUs), and the source
GPU loads the TPC-H lineitem table (SF 50). We use an additional
attribute as the partition key and generate values following Zip-
�an [22] with varying skewness factor \ . The result is reported
in Figure 19. When \ = 0, i.e., all destinations receive equal data
volumes, both UCX and MGI can fully utilize multiple links. As \
increases, one destination receives signi�cantly more data than the
others. In this case, UCX is increasingly bottlenecked by a single
path and thus provides lower throughput. MGI, with its dynamic
bu�er and path selection, maintains the high throughput.

Figure 19: Communication performance under skewness.

7 RELATED WORK

Accelerating database workloads on GPUs has long been investi-
gated in the community [9, 29, 32, 33, 37, 38, 59–61, 70]. The scope
of this work is systems that can scale up or out to multiple GPUs.

Gao et al. [19] scaled distributed hash join to a thousand GPUs
with NVIDIA DGX SuperPOD [43]. Thostrup et al. [63] proposed
two distributed pipelined hash join algorithms using GPUDirect
RDMA. Distributed TQP [67] scales single-GPU data processing to
a cluster with NCCL-implemented communication operations.

More e�orts have been made to execute database workloads
using multiple GPUs on the same server. Rui et al. [58] presented
a set of join algorithms for for multi-GPU setups. MG-Join [53]
is a distributed join solution that scales up to multiple GPUs on
a single server. Maltenberger et al. [39] developed two sorting al-
gorithms targeting multi-GPUs on the same server. Lancelot [68]
explores the co-processing between CPU and multi-GPUs on the
same server for query execution. Vortex [69] accelerates data analyt-
ics on multi-GPUs with decoupled computation and data transfers.
HeavyDB [24] is a commercial GPU database system that supports
multi-GPU query execution by dividing a query into fragments.

MGI is distinct in its generality as a communication framework
to o�er communication optimizations that adapt to heterogeneous
GPU infrastructures behind an easy-to-use API.

8 CONCLUSION

We presented MGI, a general and fast communication framework
natively designed for multi-GPU data processing. It provides an
intuitive on-device interface and applies optimizations judiciously.
Enabling MGI are a control plane that applies global optimiza-
tions with a graph-based network model and a data plane where
executors and bu�ers are carefully designed. Data processing per-
formance with MGI is signi�cantly higher than that with existing
general GPU communication frameworks, e.g., NCCL and UCX.
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