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Abstract—As modern applications demand large-scale compu-
tation, storage, and data movement, datacenters have scaled out
with more servers and larger network fabrics. At the same time,
the changing demands of these applications have also reshaped
the goals and constraints of datacenter transport. In particular,
recent AI/HPC workloads make it difficult to treat transport as
a standalone network-stack component because collective com-
munication, accelerator utilization, and job-level performance are
tightly coupled with transport behavior. This survey examines the
workload-driven evolution of datacenter transport across major
application eras. We organize representative transport designs
into three categories: Flow-centric, RDMA-based, and AI/HPC-
oriented transport, and analyze how workload requirements
reshape transport objectives, congestion signals, and control
points. Through this perspective, we revisit the relationship
between workloads and transport design, and discuss future
directions for workload-driven datacenter transport.

I. INTRODUCTION

Datacenter networks (DCNs) have evolved into core in-
frastructures for cloud services, large-scale web applications,
distributed storage systems, and more recently, AI training
workloads [1], [2]. As datacenters have scaled to infrastruc-
tures interconnecting tens of thousands of machines, network
performance became a critical factor in application latency,
resource utilization, and system efficiency. Unlike wide-area
network, DCNs are typically managed by a single operator,
enabling joint control of topology, switch configurations, and
end-host stacks. This level of control allows operators to de-
ploy transport mechanisms that support dominant application
requirements. Therefore, workload shifts have directly shaped
the objectives and control scope of DCN transport.

Early datacenter transport designs were shaped by cloud
services and partition-aggregate applications, as illustrated
in Fig. 1, where flow completion time (FCT) was the main
optimization targets [3], [4]. Later, as datacenters began to
support more data-intensive workloads such as distributed stor-
age and databases, Remote Direct Memory Access (RDMA)
was adopted to reduce CPU overhead through kernel-bypass
and zero-copy data movement [5]. Because RDMA over con-
verged Ethernet (RoCE) is highly sensitive to packet loss [6],
RDMA-era transport designs focused on reducing loss, con-
trolling queue buildup, and mitigating congestion spreading
induced by Priority Flow Control (PFC) [7]. More recently,
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Fig. 1: Queue buildup in partition-aggregate workloads.

AI training and high-performance computing (HPC) workloads
have expanded transport requirements beyond individual flows.
Because these workloads rely on synchronized collective com-
munication, the slowest path can delay an entire iteration or
job. As a result, transport design has moved toward collective-
and job-level optimization [2], [8].

Given this progression, understanding datacenter transport
requires connecting transport designs with the workload re-
quirements that shaped them. Prior surveys cover specific
parts of this evolution, such as fast flow transmission in early
DCNs [9] and RDMA transports in DCNs [5]. These surveys
clarify the design challenges within their respective domains,
but a unified view is still needed to explain how workload
shifts expanded transport objectives, control scope, and opti-
mization boundaries. Accordingly, this survey classifies DCN
transport into three workload-driven eras, each shaped by the
requirements of dominant applications.
• Flow-centric: Early cloud workloads, such as web services

and remote procedure call (RPC) based applications, gener-
ate a diverse mix of short and long flows.

• RDMA-based: Data-serving workloads, such as cloud stor-
age and in-memory databases, require fast data movement
with minimal CPU involvement.

• AI/HPC-oriented: Distributed training and computing work-
loads use collective or synchronization operations across
many GPUs or compute nodes.
Table I summarizes the proposed taxonomy, from which

this survey examines how the workloads of each era ex-
posed limitations in existing mechanisms and how subsequent
designs addressed them. We show how DCN transport has
expanded in its objectives, control granularity, and control
points. Finally, we discuss future directions for coordinating
network resources as DCNs increasingly support heteroge-
neous workloads and coexisting transport mechanisms.



Era Communication pattern Transport objective Scheme Design approach

Flow-centric
Short request-response flows
Fan-out/fan-in aggregation
Incast-prone bursts

Short-flow FCT minimization
Tail-latency reduction
Throughput preservation

DCTCP [10] ECN-based congestion control
pFabric [3], PIAS [11] Priority-based flow scheduling
pHost [12], NDP [4] Receiver-driven transmission control

RDMA-based
Remote read/write access
Host-to-host transfer
Bulk data movement

Low-latency access
High-throughput transfer
Low CPU overhead

DCQCN [7] ECN-based RDMA congestion control
TIMELY [13] RTT-based RDMA congestion control
HPCC [14] Telemetry-based RDMA congestion ctrl

AI/HPC-oriented
Collective traffic
Many-to-many synchronization
Repeated iteration traffic

Collective optimization
Job-level utilization
Predictable iteration time

Meta RoCE [2], Aquila [15] Workload-specialized fabric design
SGLB [8] Global-scale load balancing
MCCS [16] Runtime-level collective control

TABLE I: Workload-driven taxonomy of representative datacenter transport designs.

II. FLOW-CENTRIC TRANSPORT

This section reviews flow-centric transport designs for early
cloud workloads with many short request-response flows.

A. Workload Characteristics.
Early cloud workloads, such as web search and key-value

stores, often followed partition-aggregate patterns with dis-
tributed components running across multiple servers [3], [10].
A single user-facing request often fanned out to many backend
servers through small request-response messages, and the final
response was generated after collecting the required backend
results. This created a traffic pattern with a large number
of short, latency-sensitive flows, often concentrated around
aggregator or storage nodes, as illustrated in Fig. 1.
Requirements. Short-flow FCT and tail latency directly af-
fects application-level performance because a user-facing re-
quest can be delayed by the slowest backend response. These
latency-sensitive flows shared the same network with longer
flows from storage, data processing, and service maintenance
tasks. As a result, incast congestion, queue buildup, and
interference between short and long flows could increase
latency even when average network throughput is high. The
main objective of this era was to reduce FCT, especially short-
flow and tail FCT, under latency-sensitive cloud workloads.

B. Design Approaches
Representative approaches to reduce FCT are as follows.

ECN-based congestion control. DCTCP [10] uses ECN-
based congestion control, where switches mark packets when
queue length exceeds a threshold and the receiver echoes
this information back to the sender. The sender adjusts its
congestion window based on the fraction of ECN-marked
packets, allowing DCTCP to react to queue buildup before
buffer overflow. This keeps queues shallow while maintaining
high utilization, thereby improving short-flow FCT.
Flow scheduling and prioritization. pFabric [3] assigns
priorities based the remaining flow size, and switches for-
ward higher priority packets first. This allows short flows
to bypass long flows and complete quickly, following the
same intuition as serving the flow with the least remaining
work first. PIAS [11] approximates this without requiring prior
knowledge of flow sizes. It uses multiple priority queues and
gradually demotes a flow to lower-priority queues as it sends
more bytes. Thus, short flows remain in high-priority queues
and complete earlier, reducing FCT.
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Fig. 2: Host-side TCP/IP stack overhead.

Receiver-driven transport. pHost [12] uses receiver-issued
tokens or grants to decide which senders may transmit, pre-
venting blind traffic injection during incast. NDP [4] instead
lets receivers pull packets from senders, while packet spraying
and trimming handle congestion. By coordinating transmission
around the receiver-side bottleneck, these mechanisms reduce
queue buildup and improve short-flow FCT.

C. Control Scope

Designs in this era focused on reducing flow-level latency
by managing interference among short and long flows and
many-to-one incast. This was mainly addressed through local
control at two levels: At endpoints, transport mechanisms
adjusted sending behavior, processed congestion feedback,
or regulated packet admission to reduce persistent queueing,
incast bursts, and receiver-side contention. At switches, data-
plane mechanisms provided congestion signals, queue man-
agement, or packet priority so that latency-sensitive flows were
less likely to be blocked by long flows.

III. RDMA-BASED TRANSPORT

This section turns to RDMA-based transport, driven by
frequent host-to-host data movement in datacenter workloads.

A. Workload Characteristics.

In this era, data-serving workloads such as cloud/distributed
storage, caching, and databases became major sources of
traffic. Because these services store, replicate, and serve data
across many machines, remote data access and host-to-host
data movement became common traffic patterns. This exposed
host-side communication overhead as a major bottleneck.
As illustrated in Fig. 2, TCP/IP communication often incurs
kernel-stack and memory-copy overheads, consuming CPU
cycles and increasing latency.



Requirements. Data-intensive workloads require low-latency
and high-throughput data movement with reduced host-side
overhead. Datacenters therefore adopted RDMA, where the
NIC transfers data directly between registered memory regions
on different hosts with kernel bypass, zero-copy transfer, and
minimal CPU involvement. RoCE extends these benefits to
commodity Ethernet, but packet loss remains costly because
recovery depends on limited NIC-side resources. Therefore,
RoCE deployments often rely on (near-)lossless Ethernet with
PFC, which can cause head-of-line blocking, pause propaga-
tion, and congestion spreading. Thus, RDMA transport had to
avoid costly packet loss while reducing PFC side effects.

B. Design Approaches

Several RDMA congestion-control designs have been pro-
posed to avoid costly packet loss and excessive PFC pauses.
ECN-based. DCQCN [7] extends the ECN-based congestion
control of DCTCP [10] to RoCE networks. While DCTCP ad-
justs the TCP CWND, DCQCN uses ECN-triggered congestion
notifications to reduce RDMA NIC sending rates. By reacting
to queue buildup before loss occurs, DCQCN helps RoCE
traffic maintain near-lossless operation.
RTT-based. TIMELY [13] measures RTT at the sender and
uses its gradient to infer whether queues along the path are
building up or draining. Based on this gradient, it updates the
target rate of each flow when completion events provide new
RTT samples. The updated rate is then used by the control
engine to pace subsequent segments, allowing it to react to
queueing trends before loss occurs.
Telemetry-based. HPCC [14] uses in-network telemetry to
obtain fine-grained path information from switches. Packets
carry information such as link utilization and queue occupancy,
and the sender uses it to estimate available bandwidth along
the path. Based on this explicit network-state feedback, HPCC
updates the sending rate more precisely than schemes that rely
only on congestion marks or end-to-end delay signals.

C. Control scope

RDMA-based transport expanded the control scope by inte-
grating RDMA-specific hardware and lossless Ethernet behav-
ior. For RDMA traffic, congestion control was implemented as
sender-side rate control rather than window adjustment, with
sending rates enforced by RNIC-level rate-limiting or pacing
mechanisms. At the network side, switches had to operate not
only as sources of congestion signals or packet scheduling
decisions, but also as part of a lossless Ethernet fabric that
interacts with mechanisms such as PFC.

IV. AI/HPC-ORIENTED TRANSPORT

In the final era, AI/HPC workloads shift transport design
toward collective and job-level performance.

A. Workload Characteristics.

AI workloads have become increasingly prominent in dat-
acenters, with distributed training repeatedly exchanging gra-
dients, parameters, or intermediate states across many GPUs.
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Fig. 3: Synchronized collective communication among parallel
AI/HPC workers across training iterations.

HPC workloads were traditionally associated with supercom-
puting systems, but are increasingly served through cloud-
based datacenter environments to support scientific and en-
gineering applications [17]. Although AI and HPC differ in
computation models and domains, both commonly generate
structured communication among many parallel workers, often
through collective or synchronization operations as illustrated
in Fig. 3. As a result, traffic in this era is generated not only
by independent flows, but also by repeated, synchronized, and
job-structured communication patterns.
Requirements. In synchronized AI/HPC workloads, com-
putation often waits for communication or synchronization
among workers to complete. Thus, a slow communication
flow, path, or participant can delay the entire parallel job,
even when average network throughput is high. These work-
loads therefore require not only high bandwidth and low
latency, but also predictable performance across many paths
and participants. Network imbalance, congestion, link failures,
or bandwidth asymmetry can create communication stragglers
and reduce GPU, accelerator, or compute-node utilization. The
main objective of this era was therefore to improve collective
performance, job completion time, and accelerator utilization
under synchronized AI/HPC workloads.

B. Design Approaches

The following approaches aim to improve collective- and
job-level performance in AI/HPC-oriented workloads.
Workload-specialized fabric design. Meta deployed RoCE
for large-scale AI training by separating the backend GPU
training fabric from the frontend network [2]. Within this
backend fabric, Meta adapts routing and traffic placement
to the low-entropy and repetitive communication patterns
of distributed training. It extends multipath forwarding with
destination queue-pair information and uses centralized traffic
engineering when more explicit path control is needed.

For HPC-style low-latency communication, Aquila [15]
changes how traffic is carried inside the datacenter fabric.
It introduces a layer-2 fabric protocol that breaks traffic into
small cells and forwards them through integrated switching
hardware, reducing latency variation compared with conven-
tional packet forwarding.
Global load balancing. SGLB [8] controls how collective
traffic is distributed across the network fabric using global



path information. A global controller tracks path health, con-
gestion, failures, and bandwidth limitations, while switches
use this information instead of relying only on local hash-
based forwarding. By steering traffic away from overloaded
or degraded paths, SGLB reduces persistent path imbalance
that can delay collective operations.
Runtime- and service-level control. MCCS [16] provides
collective communication as a cloud-network service, rather
than leaving it entirely inside application-level libraries. The
service observes the shared cloud network and coordinates
collective operations from multiple jobs, so that their com-
munication does not blindly compete inside the fabric. This
moves collective scheduling and placement above conventional
transport mechanisms and into the transport control scope.

C. Control Scope

In this era, transport control extends beyond endpoints
and switches. At the fabric and global levels, networks may
be separated, tuned, or redesigned around AI/HPC com-
munication patterns, while path selection may use fabric-
wide information about congestion, failures, and bandwidth
asymmetry. Meanwhile, runtime or cloud-level services may
coordinate collective execution across multiple jobs. Thus,
AI/HPC-oriented transport shows a broader control scope than
earlier eras, reflecting the need to optimize communication
across the workload as a whole.

V. DISCUSSION AND OPEN CHALLENGES

Overall, workload shifts have expanded the control scope
of transport design, creating a challenge for heterogeneous
workload coexistence. Even when those workloads share goals
such as low latency and high throughput, optimizing for one
workload may require mechanisms that interfere with another.
For example, protecting RDMA traffic from packet loss may
increase queueing, hurting latency-sensitive RPC traffic.

One possible direction is that future datacenters may be-
come less like a single uniform fabric and more like a hetero-
geneous networking system composed of multiple workload-
specialized subnetworks or control domains. In this model,
different workload classes could be assigned to different
transport domains, fabrics, or control policies, while a higher-
level management plane coordinates resource sharing across
them. This resembles a smaller-scale version of a wide-area
networking problem, where multiple network domains coexist
under a broader operational framework.

Another possible direction is, layering may emerge inside
the transport itself. Instead of relying on one monolithic
transport layer, future designs may separate common transport
functions from workload-specific control functions. A lower
layer could provide shared mechanisms such as congestion
signaling, isolation, and basic reliability, while upper layers
adapt routing, rate control, traffic placement, or collective
scheduling to each workload class. Furthermore, layer-2 trans-
mission scheduling mechanisms in the TSN standards can be
employed to provide deterministic service for highly latency-
sensitive flows [18]. The open challenge is how to provide

this specialization without losing the efficiency, fairness, and
manageability of a unified datacenter network.

VI. CONCLUSION

We analyzed DCN transport studies from a workload-
driven perspective. DCN transport has evolved by expanding
its objectives and roles in response to changes in dominant
workloads. These shifts suggest that future DCNs will require
resource coordination that can balance heterogeneous work-
load demands with coexisting transport mechanisms. Although
the next dominant workload remains uncertain, this survey pro-
vides a historical foundation for understanding how datacenter
transport can adapt to future workload shifts.
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