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Abstract
Distributed Machine Learning (DML) techniques are widely
used to accelerate the training of large-scale machine learn-
ing models. However, during training iterations, gradients
need to be frequently aggregated across multiple workers,
resulting in communication bottleneck. To reduce the com-
munication overhead of DML, several In-Network Aggrega-
tion (INA) protocols are proposed to reduce the volume of
aggregation traffic by offloading aggregation functions into
switches, thus alleviating network bottlenecks. Nevertheless,
these protocols couple the congestion control of in-switch
aggregator resources and link bandwidth resources, together
with the straggler-oblivious manner in aggregator allocation,
leading to low aggregation efficiency.
To solve the above problem, we propose an Aggregator-

aware in-networkAggregation Transmission Protocol (A2TP),
which adopts two congestion windows to decouple the con-
gestion control of two resources and combines with the strag-
gling estimation scheme to efficiently allocate aggregator
resources according to the straggler degree for multiple jobs,
eliminating the impact of straggler jobs on the overall ag-
gregation process. We implement A2TP at P4-programmable
switch and a kernel bypass protocol stack at the end-host.
The evaluation results show that A2TP reduces the training
time by up to 66% than the state-of-the-art INA protocols in
real-world benchmark models.

CCS Concepts: • Computingmethodologies→Machine
learning; •Computer systems organization→Distributed
architectures; • Networks→ Network protocols.

Keywords: in-network aggregation, machine learning, trans-
mission protocol
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1 Introduction
In recent years, machine learning (ML) is emerging as an
indispensable component in a wide range of enterprise ap-
plications, such as natural language processing, data mining
and computer vision. With the growing scale of training
dataset and model size (e.g., Switch Transformer [1] has 1.6
trillion parameters), the distributed machine learning (DML)
frameworks [2, 3] are widely adopted in large-scale clusters
with hundreds of nodes and GPUs to reduce training time.
A common DML technique is data-parallel training, which
partitions the dataset into multiple workers and parallelly
runs training jobs.
However, during the phases of synchronous model up-

dates among workers, network communication has become
the bottleneck to slow down the training process. Recently,
a series of in-network aggregation (INA) schemes such as
SwitchML [4], PANAMA [5] and ATP [6] are proposed to
alleviate the communication bottleneck for DML. The ba-
sic mechanism is that the workers stream the gradients to
switch, and utilize a block of switch memory (organized as
aggregators) to store and aggregate the gradients. After the
gradient aggregation completes, the switch broadcasts the
aggregated results back to each worker. Through the flexible
use of switch aggregators, these protocols significantly re-
duce the aggregation traffic volume, therefore mitigating the
network bottlenecks and accelerating the training process.
Unfortunately, the size of switch memory is very limited

(e.g. ∼10MB on Intel Tofino switch [7]), while there are mas-
sive concurrent jobs in a large-scale cluster [8], making the
memory resource insufficient. For example, if SwitchML is en-
abled, it requires approximately 1MB of switch memory un-
der 100Gbps link bandwidth to support line-rate aggregation
for each training job [4]. Moreover, several optional functions
such as network traffic measurement [9] and packet sched-
uling [10] are also deployed on the programmable switch,
further compressing the available resources for in-network
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aggregation. Due to high requirement from training jobs, it
becomes challenging to make effective use of limited switch
memory for INA schemes.
The existing INA schemes employ end-to-end transmis-

sion protocols to guarantee the correctness of aggregation.
However, these solutions present many fundamental issues.
(1) The end-to-end transmission protocols regard the net-
work as a black box. SwitchML does not sense the network
state. PANAMA and ATP only react to congestion according
to end-to-end signals without awareness of in-switch con-
gestion state, resulting in delayed congestion feedback and
control. (2) These protocols couple the congestion control
of in-network aggregator resources and link bandwidth re-
sources together, making it hard to allocate the two resources
independently. TakingATP as an example, eachworker sends
all gradients in its congestion window to the switch aggre-
gator. The gradients expected to be aggregated at the switch
randomly preempt the aggregators, easily resulting in an
unreasonable allocation of aggregator resources and low ef-
ficiency of aggregation. (3) The straggler problem in shared
clusters inevitably occurs due to resource competition. How-
ever, the existing protocols cannot identify the straggling
worker and mitigate the straggler problem, leading to high
aggregator occupancy and low aggregation throughput.

To address these challenges and provide efficient aggrega-
tion, we propose Aggregator-aware in-network Aggregation
Transmission Protocol (A2TP) based on the following in-
sights. If the congestion control of in-network aggregator
resources and network bandwidth resources are decoupled,
the aggregator and bandwidth can be allocated indepen-
dently to precisely control congestion at switch aggregator
and ensure the fair or weighted fair allocation of in-network
aggregator resources among multiple jobs. Moreover, if the
aggregator resources are allocated to jobs according to their
different straggling degrees, the impact of straggler could be
alleviated, improving the aggregation efficiency.

Specifically, A2TP infers congestion state of in-switch ag-
gregator and bottleneck link according to hash collision at
aggregator and Explicit Congestion Notification (ECN), re-
spectively. Meanwhile, two window-based congestion con-
trol mechanisms are designed to respond to the two types of
congestion signals, so as to realize the decoupled congestion
control of aggregator and bandwidth resources. Moreover,
to address the low efficiency issue under straggler, A2TP
first quantifies the straggling degree of job according to the
reception rate of aggregated gradients at the worker. When
the in-switch congestion occurs, the workers will tune the
in-network congestion windows to allocate more switch ag-
gregators to the leading job, thus reducing the aggregator
occupancy by the straggling job and improving the total
aggregation throughput.

In summary, we make the following contributions:

• We conduct experimental study to investigate the poor
performance of the state-of-the-art INA protocols un-
der heterogeneous scenarios. We reveal that the cou-
pled congestion control of in-switch aggregator and
bottleneck link, together with the straggler-oblivious
manner in aggregator allocation lead to low aggrega-
tion efficiency.

• We propose a new end-to-end INA transmission pro-
tocol A2TP, which uses two congestion windows to
decouple the allocation of aggregators and bandwidth,
and assigns aggregators in accordance with the strag-
gling degree for multiple jobs, thus effectively alleviat-
ing the impact of straggler job on aggregation process.

• We implement A2TP at P4-programmable switch and a
kernel bypass protocol stack at the end host. We evalu-
ate A2TP in a hardware testbed across a large number
of scenarios with realistic traffic patterns, workloads
and training jobs. The results show that A2TP reduces
training time by up to 66% compared with the state-
of-the-art INA protocols.

2 Background
2.1 Distributed Machine Learning
With the rapidly growing complexity and scale of ML mod-
els, the training time is also greatly increasing. To speed
up training, DML is widely adopted by practitioners. The
most commonly used DML technique is data parallel train-
ing, which divides dataset into multiple subsets and assigns
a different subset to each worker. Specifically, each worker
maintains a same model and needs to aggregate gradients
in each training iteration to synchronize model parameters
for all workers, ensuring convergence accuracy. Recently,
parameter server (PS) [11] and Ring-AllReduce [2] commu-
nication patterns are generally used to aggregate gradients.
In PS pattern, all workers synchronously send gradients to
one or more specified PS servers for aggregation, and then
the aggregated gradients are broadcasted back to all workers.
In Ring-AllReduce pattern, all workers are deployed over a
logical ring topology. Each worker accumulates the gradient
sent by the previous worker with its own gradient and sends
it to the next neighbor worker until one worker receives
the aggregated gradient of all workers. Then the aggregated
gradient is broadcast to other workers.
However, both PS and Ring-AllReduce generate a large

amount of aggregation traffic across multiple workers, caus-
ing network congestion and making communication be-
come the training bottleneck. For example, in DeepLight
[12] model, the communication time accounts for 97% of the
total time in each iteration at 10Gbps [4].
2.2 In-network Aggregation
Programmable switches (e.g., Intel Barefoot Tofino [7]) sup-
port the application services to offload some computing func-
tions to the switch. The programmable switch exposes mem-
ory as stateless metadata and stateful registers to store the
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needed states for calculations. Based on the programmable
switch, a series of INA protocols are proposed, which of-
fload gradient aggregation to the switch and use registers
to aggregate gradients from different workers. These INA
protocols effectively reduce the volume of aggregation traffic
and alleviate network congestion.

Specifically, each worker divides gradients into fixed-sized
pieces, which are assigned different sequence numbers. At
the switch, the registers are organized as an array of aggrega-
tors, each of which contains an index. The gradients with the
same sequence number from different workers are assigned
the same index and thus aggregated in the same aggregator.
Besides, the packets will be dropped after the gradients are
accumulated in the aggregator. After all gradients with the
same sequence number have been aggregated in the aggre-
gator, the aggregation completes and the aggregated result is
broadcasted back to all workers (in SwitchML [4], PANAMA
[5]) or sent to PS (in ATP [6]). To provide the reliability of
aggregation transmission, existing INA protocols regard the
aggregated packet as an acknowledge (ACK), and the gradi-
ent with the next sequence number will be driven after the
worker receives the ACKs in order.

Among the INA mechanisms, SwitchML and PANAMA
offload all aggregation function to the switch and statically
partition aggregator resources for multiple training jobs.
Meanwhile, the BDP of each worker is limited to less than
the amount of allocated aggregators, guaranteeing the cor-
rectness of aggregation. The recent work ATP sends gradi-
ents to the aggregator with best-effort to improve aggregator
utilization. The gradients from multiple jobs are aggregated
in the aggregator of the corresponding index according to
random hash values. If the aggregator has been occupied
by other gradients with different sequence numbers, ATP
enables the current gradient to be aggregated at the PS.

3 Observation and Insight
The end-to-end aggregation protocol ensures the correct-
ness of aggregation and supports the sharing of network
resources among multiple training jobs. However, under het-
erogeneous scenarios, the existing aggregation protocols
essentially suffer from the following problems. (1) Incorrect
or delayed reaction of congestion control. (2) Failure of fair or
weighted fair allocation of in-network aggregator resources
among multiple jobs. (3) The high aggregator occupancy by
straggler jobs and low end-to-end aggregation efficiency.

3.1 Experimental Observations
Aiming to provide reliable end-to-end aggregation services,
existing aggregation protocols regard the network as a black
box, while ignoring the in-switch congestion state and thus
possibly shielding the fundamental causes of the above prob-
lems. In this section, fine-grained and multi-variable experi-
mental observations are conducted to expose the root causes

of these phenomena and problems under heterogeneous sce-
narios.

Straggler problem is common in shared clusters with het-
erogeneous resources [13, 14]. Firstly, though workers in
the same job tend to be deployed in the same multi-GPUs
machine, however, the large number of jobs have various
requirements of GPU usage, resulting in the fragmentation
of GPU resources [15]. It is inevitable that the workers of
multiple jobs sit in the same machine, and they will compete
for one NIC bandwidth [16, 17]. In shared clusters such as
EC2 and Azure, Ref. [18] observes that the varies workloads
lead to more than 2x throughput variance among different
workers, resulting in volatile aggregation performance. Ref.
[16] reports that the training performance shows up to 47%
slowdown when running multiple 2-GPU ResNet-50 jobs
on multiple 4-GPU servers. Furthermore, as a single server
supports more GPUs (e.g. NVIDIA DGX [19] with 8 GPUs),
it may be shared by more tenants. Such server may suffer
from severe bandwidth degradation. For example, Ref. [20]
shows that, when multiple tenants run communication inten-
sive jobs, each job only reaches ∼30Mbps with 1Gpbs NIC.
The same problem is applied with the higher bandwidth
10-100Gbps NIC [21]. Besides, as practitioners usually up-
grade computing devices in incremental manner, the shared
clusters contain different types of GPU [8], leading to het-
erogeneous computation resources and straggling workers.

Switch

PS1 PS2

W5W4W3 W6 W7 W8 H1W2W1

Job A
Job B

Job A Job B

BG Traffic

Figure 1. Topology.

To investigate the performance impact of straggler issue
on existing aggregation protocols, we conduct a testbed ex-
periment under a heterogeneous scenario. Figure 1 shows
the test topology, which is a single rack structure. We adopt
11 Dell T5820 servers connected by a Tofino programmable
switch. All links have 100Gbps bandwidth. There are 8 work-
ers {𝑊1 ∼𝑊8} and 2 PSs {𝑃𝑆1, 𝑃𝑆2}. We run two aggregation
jobs 𝐴 and 𝐵, which are allocated at {𝑊1 ∼ 𝑊4, 𝑃𝑆1} and
{𝑊5 ∼𝑊8, 𝑃𝑆2}, respectively. Each worker repeatedly trans-
fers 4MB gradients and has no computation phase, similar
to micro-benchmark job in [6]. Job 𝐴 has three iterations,
each of which aggregates 21GB gradients. Job 𝐵 has only
one iteration with 21GB gradients and overlaps the 2nd iter-
ation of job 𝐴. We set the number of switch aggregators to
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450, according to the definition of peak throughput aggre-
gators (PTA) of a single job in ATP. That is, the aggregation
throughput with single job decreases when the number of
aggregators is less than 450, and hardly increases when the
number of aggregators is larger than 450. Thus the aggrega-
tor becomes a bottleneck when job 𝐴 and 𝐵 coexist.
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Figure 2. Performance of different INA protocols under band-
width contention.

We test the performances of SwitchML and ATP, and
record the real-time aggregation throughput, which is the
total bytes of gradients received per second at each worker.
We simulate the heterogeneous bandwidth scenarios by gen-
erating background traffic from𝑊8 to server 𝐻1. Thus, the
sending rate of gradients from𝑊8 is suppressed to about
13Gbps. Figure 2(a) shows the results under heterogeneous
bandwidth. The aggregation throughput of straggling job 𝐵
is only about 13Gbps, which is limited by the sending rate of
straggler𝑊8. When using SwitchML, the aggregators are allo-
cated equally between job 𝐴 and 𝐵. Thus, job 𝐴 only reaches
half of the maximum aggregation throughput in all itera-
tions, regardless of whether job 𝐵 transmits the gradients.
Contrary to the static memory allocation in SwitchML, ATP
makes best-effort use of aggregators, and thus enables job 𝐴
to reach the maximum aggregation throughput of 53Gbps
when job 𝐵 does not transmit aggregation traffic. However,
when jobs 𝐴 and 𝐵 coexist, due to the bandwidth contention,
the aggregation throughput of job 𝐴 decreases by 28%, as
shown in Figure 2(a). In a nutshell, both SwtichML and ATP
suffer from throughput loss due to the straggler job. Note
that, small packet size (e.g. ∼300B in SwitchML, ATP and
A2TP) brings additional packet processing overhead, result-
ing in a throughput limitation of 53Gbps for a single job.

3.2 Problem Insights
To understand the throughput loss problem in above ex-
periment, we also record the real-time occupancy ratio of
aggregators at the switch, as shown in Figure 2(b).
1) Unawareness of aggregator congestion leads to

incorrect and delayed congestion control behavior. Ex-
isting aggregation protocols employ the end-to-end conges-
tion control according to the ECN signal and packet loss.
Specifically, SwitchML statically partitions aggregator re-
sources according to the number of jobs and allocates more
aggregator resources than the worker’s BDP to ensure the
correctness of aggregation. In a multi-job scenario, however,
even if some jobs are in the computation phase without trans-
mitting aggregation traffic, the remaining jobs cannot grab
the idle aggregators to further reduce the data volume of
model updates. As shown in Figure 2(b), in the first and third
iterations of job 𝐴, the aggregation occupancy is only 30%.

The dynamic INA solution ATP fully utilizes switch aggre-
gators with best-effort, and lets gradients to be aggregated
at the PS when the aggregators are unavailable. However,
when most in-switch aggregators are exhausted, a portion
of gradients cannot be aggregated, possibly resulting in con-
gestion at bottleneck link. Since ATP only senses network
congestion via end-to-end signals without awareness of in-
switch congestion state, the worker does not react until it
receives the ECN signals from the congested bottleneck link.
For example, we record the time when the sender receives
the first aggregator collision and ECN feedback. As shown in
Figure 2(a), the sender receives the first aggregator collision
signal 126𝜇s earlier than the first ECN feedback.
In summary, the static INA solutions cannot adjust the

sending rate according to the usage state of the aggregator
resources, easily leading to aggregator under-utilization for
dynamic traffic. Though making better use of aggregators,
the best-effort solution cannot timely react to aggregator
congestion as only using the end-to-end congestion signals.
2) The coupled congestion control of in-switch ag-

gregator and link bandwidth cannot provide fair or
weighted fair resource allocation among multiple jobs.

Generally, multiple jobs have different requirement for
resource allocation of in-network aggregator. To provide fair-
ness among training jobs, the aggregators should be fairly
shared by all jobs. However, to improve the aggregation effi-
ciency, the straggler job should be allocated less aggregators
than non-straggler ones. The reason is detailed in Section
3.2.(3). Nevertheless, since the existing INA protocols cou-
ple the congestion control of in-switch aggregator and link
bandwidth resources, the two types of resources cannot be
allocated independently among multiple jobs. For instance,
ATP sends all gradients in the congestion window to the
switch aggregator. The gradients of all jobs randomly pre-
empt the aggregators and cannot provide fair or weighted
fair allocation for multiple jobs. As shown in Figure 2(b),
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under ATP, the instantaneous aggregator occupancy of job
𝐴 and job 𝐵 violently oscillates from a microscopic view,
making it unable to converge to fair sharing, let alone the
weighted fairness according to the job demands.

3) The straggler-oblivious manner causes the high
aggregator occupancy.
When an aggregator is occupied by a gradient, the other

gradients cannot use the aggregator until the current gradi-
ent completes aggregation. Thus, the aggregators occupied
by the gradients from leading workers have to wait for the
stalled gradients from stragglers, resulting in the long occu-
pation time and low utilization of aggregators. If one worker
becomes straggling due to background traffic, the leading
workers in this job will still send all gradients in their conges-
tion window to grab the aggregators, resulting in high space
occupancy of aggregators. Even if the congestion window of
the leading workers is small, the gradients in the aggregators
will wait for the straggling gradients, leading to long occu-
pancy time at aggregators and low aggregation efficiency.
Therefore, to improve aggregation efficiency, the straggler
jobs should relinquish their high occupancy of aggregator
to the non-straggler ones under the contention at in-switch
aggregators.
However, existing INA protocols cannot sense the strag-

gling degree, and treat all training jobs in the same way.
Taking SwitchML as an example, the aggregator resources
are fairly allocated for multiple jobs no matter the jobs are
stragglers or not. As Figure 2(b) shows, though most aggrega-
tors used by the straggler job 𝐵 keep waiting for long time, it
still occupies almost half of total aggregators. Thus, without
enough aggregators, it is hard for job 𝐴 to reduce the more
volume of traffic and mitigate congestion of bottleneck link.

4 A2TP Design
4.1 Basic Idea
To address above problems, we propose following two basic
ideas to improve the efficiency of existing INA protocols.

1) Decoupling the congestion control of in-network
aggregators and link bandwidth resources. As the ECN
signal cannot accurately reflect the congestion state at in-
switch aggregator, we propose a new congestion signal to
reflect the aggregator congestion, thus detecting the conges-
tion in time. Meanwhile, to provide the fair or weighted fair
allocation of in-network aggregators and allocate resources
more efficiently for multiple jobs, we design the decoupled
mechanisms to control congestion of in-network aggregator
and link bandwidth.

2) Assigning aggregator resources in accordancewith
the straggling degree of each job. Firstly, since the job
straggler is common in heterogeneous scenarios, and the
straggling degree of individual job varies dynamically, we
need to measure and quantify each job’s straggling degree in

real time. Besides, the congestion control mechanism is re-
quired to proactively adjust the number of used aggregators
according to the straggling degree of each job.

4.2 A2TP Overview
A2TP is a window-based INA transmission protocol. The
workers send gradients to the switch and make best effort to
use in-switch aggregators via hash function. If hash collision
occurs, the gradients will be forwarded to the PS. Otherwise,
the gradients occupy the aggregator and wait for gradients
from the other workers. After the in-switch aggregators fin-
ish aggregation, the aggregated results are sent to the PS,
which broadcasts aggregated gradient back to all workers.
A2TP regards the aggregated gradient as the ACK and uses
congestion signal carried by ACK to tune the congestion
window at the worker. Compared with current INA trans-
mission protocols, A2TP has two following features: (a) A2TP
re-designs the congestion control mechanism, decoupling
the congestion control of in-network aggregators and link
bandwidth to independently allocate two types of network
resources for each job. (b) A2TP estimates the straggling de-
gree of each job, and employs the straggler-aware congestion
control to mitigate the impact of straggler jobs. Specifically,
A2TP consists of two components:

1) Hybrid signals. A2TP adopts multi-dimensional sig-
nals to guide the adjustment of each worker’s congestion
window. First, the ratio of hash collision at aggregator is
chosen as a congestion signal to indicate the in-switch con-
gestion state. Second, similar to ATP and PANAMA, A2TP
uses ECN as the congestion signal of bottleneck link. Be-
sides, the workers estimate the real-time straggling degree
according to the numbers of sent gradients and received
aggregation ACKs in each RTT.

2) Decoupled congestion control. A2TP maintains two
congestion control loops, including the aggregator conges-
tion control (ACC) and the link congestion control. They
separately adjust two congestion windows according to con-
gestion state in different types of resources. Specifically, ACC
regulates an aggregator congestion window (ACW), which
is the number of gradients sent to the aggregator. ACW is
adjusted according to the level of aggregator congestion and
the straggling degree of the current job. Besides, for link con-
gestion control, A2TP adjusts the link congestion window
(LCW) according to the fraction of ECN marks, similar to
DCTCP [22].

We use an example to illustrate how A2TP decouples the
congestion control of in-switch aggregators and link band-
width resources, and assigns different number of aggregators
in accordance with their straggling degrees. As shown in
Figure 3, two jobs 𝐴 and 𝐵 start at the same time, and each
job consists of two workers and one PS. We assume that 𝐵 is
a straggling job. Each worker maintains an aggregator con-
gestion window 𝐴𝐶𝑊 and a link congestion window 𝐿𝐶𝑊 .
The initial sizes of both congestion windows are 3, and the
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Figure 3. Examples of congestion control behavior in A2TP.

switch has only 3 aggregators. In the first round, all 6 gradi-
ents from two jobs are sent to aggregators, resulting in hash
collisions. After detecting the hash collision, the workers
cut the 𝐴𝐶𝑊 s. Since job 𝐵 is the straggler, it aggressively
reduces its 𝐴𝐶𝑊 to 1, while job 𝐴 gently shrinks its 𝐴𝐶𝑊
to 2. Therefore, in the next round, the total number of gra-
dients aggregated at the switch is reduced to 3, avoiding
random hash collisions. Meanwhile, the ratio of aggregator
occupancy by the straggling job 𝐵 is reduced, improving the
aggregation efficiency. Finally, no matter the gradients are
aggregated at the switch or not, all gradients will be injected
into the bottleneck link. Thus, we use 𝐿𝐶𝑊 to control the
total number of in-flight traffic to avoid congestion at the
bottleneck link.

4.3 Design Detail
4.3.1 Hybrid Signals. A2TP tunes the sending rate accord-
ing to multi-dimensional signals including hash collision,
ECN feedback and straggling degree.
Hash collision: In current INA transmission protocols,

the traditional end-to-end signals such as delay, packet loss
and ECN cannot timely and accurately reflect the conges-
tion state of the in-switch aggregators. To collect the precise
congestion state at the aggregators with low overhead, we
propose to use the aggregator hash collision as the conges-
tion signal. The hash collision occurs when the different
gradients are hashed into the same aggregator. If the ag-
gregators are sufficient, the possibility of hash collision is
low. Otherwise, the aggregator congestion will lead to fre-
quent hash collisions. Therefore, A2TP uses the frequency of
hash collision to indicate the congestion level of in-network
aggregator.

In ATP, when a gradient arrives at the aggregator and
experiences hash collision, it will be marked as collision.
However, the gradient having occupied the aggregator will
not be marked and thus the hash collision cannot be detected,
resulting in under-estimation of congestion state. To address
this issue, A2TP makes a slight change to ATP header for-
mat and switch memory layout by adding 1bit field (Col) to
record hash collisions. Thus, each aggregator in A2TP con-
sists of 32bits bitmap that tracks the aggregation workers,
32bits counter of aggregation times, 2bits ECN and Col fields,
32bits job ID and sequence number, 32bits timestamp, and
248Bytes aggregated value. The Col fields in both packet
header and switch memory are initially set to 0. When a gra-
dient occupies an aggregator and other gradients are hashed
to the same aggregator, the aggregator’s Col field is updated
to 1. After the aggregation completes, the Col field of the
aggregated gradient is set to 1 and is finally broadcasted back
to all workers by using the ACK packets. Thus, as long as a
hash collision occurs on the aggregator, the job occupying
the aggregator also receives the hash collision signal.
Finally, the aggregator congestion level 𝛼𝑖 of 𝑖th RTT is

quantified as:

𝛼𝑖 = (1 −𝑤) × 𝛼𝑖−1 +𝑤 × ℎ𝑖 , (1)

where ℎ𝑖 is the fraction of gradients that were marked with
𝐶𝑜𝑙 bit in recent 𝐴𝐶𝑊 , and 0 < 𝑤 < 1 is the weight factor
given to new samples. If the aggregator congestion is light,
the ratio of hash collision is low and 𝛼𝑖 is close to 0. Other-
wise, 𝛼𝑖 is close to 1 when aggregator congestion is in high
level.

ECN feedback: A2TP adopts ECN as the link congestion
signal. At each switch no matter it is the aggregator switch
or not, if the queue occupancy is greater than the ECN mark-
ing threshold, the arriving gradient is marked with the CE
codepoint. After the aggregation completes, the ACK pack-
ets with CE marked are broadcasted back to all workers, so
that all workers synchronize the adjustment of window to
mitigate network congestion.

Specifically, A2TP updates link congestion level factor 𝛽𝑖
of 𝑖th RTT as:

𝛽𝑖 = (1 − 𝑔) × 𝛽𝑖 + 𝑔 × 𝑒𝑖 , (2)

where 𝑒𝑖 is the fraction of packets marked ECN in the recent
𝐿𝐶𝑊 and 𝑔 is a weight factor.

Straggling degree:When a worker becomes straggling,
the gradients from leading workers will occupy the aggre-
gators and wait for the stalled gradients at the switch or
PS. Only the gradients having completed aggregation will
trigger the ACK packets. Thus, the workers estimate the
straggling degree of current job according to the numbers
of sent gradients and received ACKs.
Specifically, at the end of 𝑖th RTT round, A2TP records

the size of Link Congestion Window (LCW) 𝐿𝐶𝑊𝑖 and the
number of ACKs 𝑛𝑖 received in the 𝑖th RTT. A2TP quantifies
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the straggling degree as:

𝛾𝑖 =
𝑛𝑖

𝐿𝐶𝑊𝑖

, (3)

where 0 <= 𝛾𝑖 <= 1. When there is no straggler, 𝛾𝑖 is equal
to 1, indicating that all gradients transmitted in the previous
round have been aggregated. If 𝛾𝑖 approaches 0, it indicates
that the job experiences seriously straggling, and most of
gradients in last 𝐿𝐶𝑊 persistently occupied the aggregators.

4.3.2 Decoupled Congestion Control. Compared with
the current INT designs adjusting congestion window based
solely upon the end-to-end signal, A2TP decouples the con-
gestion control of in-network aggregator and link bandwidth
according to multiple signals. At the workers, the Aggrega-
tor Congestion Window (ACW) is adjusted according to the
fraction of hash collision and straggling degree, while the
Link Congestion Window (LCW) is adjusted in accordance
with the fraction of packets that are ECN marked.

Aggregator congestion control: Each worker maintains
its 𝐴𝐶𝑊 to regulate the number of gradients aggregated at
the switch. Since the packets aggregated at the switch are
still a portion of the in-flight packets,𝐴𝐶𝑊 is a part of 𝐿𝐶𝑊 .
The gradients inside 𝐴𝐶𝑊 will be aggregated at the switch,
while other gradients inside 𝐿𝐶𝑊 will be directly sent to PS
for aggregation.
The size of 𝐴𝐶𝑊 is updated once for every 𝐿𝐶𝑊 data

(roughly one RTT). To achieve fair allocation of aggregator
among multiple jobs (with same priority), A2TP adopts Addi-
tive Increase and Multiplicative Decrease (AIMD) strategy to
adjust 𝐴𝐶𝑊 in accordance with aggregator congestion level.
Due to the random hash, the collisions cannot be avoided
even if the number of in-switch aggregators is greater than
the number of gradients aggregated at the switch. If the
congestion control is too sensitive to hash collision, the ag-
gregator maybe under-utilized due to unnecessary reduction
of sending rate. Thus, A2TP uses an aggregator congestion
threshold 𝐻 . Only if 𝛼𝑖 exceeds 𝐻 , it is indicated that the
in-switch aggregator becomes congested.
We define the aggregator congestion degree 𝑝𝑖 as 𝑝𝑖 =

𝛼𝑖−𝐻
1−𝐻 . If 𝛼𝑖 is less than 𝐻 , 𝑝𝑖 is set to 0. When 𝛼𝑖 is only
slightly greater than 𝐻 , the aggregator congestion is in low
level, and 𝑝𝑖 approaches 0. On the contrary, 𝑝𝑖 is close to 1.
When 𝑝𝑖 > 0, the worker cuts its 𝐴𝐶𝑊 according to the

decreasing factor 𝑑𝑖 as follows:

𝐴𝐶𝑊𝑖+1 = 𝐴𝐶𝑊𝑖 × (1 − 𝑑𝑖

2 ), (4)

where 𝑑𝑖 is determined by the aggregator congestion level
𝑝𝑖 and straggling degree 𝛾𝑖 as:

𝑑𝑖 = 𝑝
𝛾𝑖
𝑖
. (5)

The relation between 𝑑𝑖 , 𝑝𝑖 and 𝛾𝑖 is shown in Figure 4.
When the aggregator congestion is in very high level, 𝑑𝑖 is
near 1. 𝐴𝐶𝑊 s of both the straggler and non-straggler jobs
will be halved by maximum. For the straggling degree, 𝛾𝑖

close to 0 indicates large, and 𝛾𝑖 close to 1 indicates small
straggling degree. In the former case, 𝑑𝑖 is close to 1, and
𝐴𝐶𝑊 will be halved at most. In the latter case, 𝑑𝑖 approaches
to 𝑝𝑖 , and 𝐴𝐶𝑊 decreases in accordance with 𝑝𝑖 . Thus, the
straggler jobs will release the aggregator resources for the
non-straggler jobs, improving the aggregation throughput.

Figure 4. The decreasing factor 𝑑 of 𝑖th RTT.

Link congestion control: To resolve the congestion at
bottleneck link, A2TP adopts the link congestion control
strategy similar to DCTCP [22]. When congestion occurs,
𝐿𝐶𝑊 is reduced as follows:

𝐿𝐶𝑊𝑖 = 𝐿𝐶𝑊𝑖 × (1 − 𝛽𝑖

2 ). (6)

Note that if the level of link congestion is higher than
that of aggregator congestion, 𝐿𝐶𝑊 may be smaller than
𝐴𝐶𝑊 , meaning that the link bandwidth becomes bottleneck
of INA. In this case, the size of 𝐴𝐶𝑊 should be caped by
𝐿𝐶𝑊 . Therefore, 𝐴𝐶𝑊 is set as𝑚𝑖𝑛(𝐴𝐶𝑊 , 𝐿𝐶𝑊 ).
Since we design a DCTCP-like mechanism to adjust the

rate of training traffic, when competing for bandwidth with
regular traffic (which commonly adopts DCTCP in datacen-
ters), the bandwidth allocation among different connections
will converge to fairness.

4.4 Model Analysis
We next analyze the steady-state behavior of A2TP’s aggre-
gator control loop in several simplified settings. First, since
hash collisions rarely occur after the warm-up phase in dy-
namic hashing scheme [6], we assume that hash collisions
do not occur until all𝑀 aggregators are occupied. Then, we
consider𝑁 long-lived flow frommultiple non-straggling jobs
with same round-trip time 𝑅𝑇𝑇 . We assume that 𝐴𝐶𝑊 s of
𝑁 flows are synchronized and follow same sawtooths. Thus
the number of hash collisions at time 𝑡 is given by:

𝐶 (𝑡) = 𝑁 ×𝐴𝐶𝑊 (𝑡) −𝑀, (7)

where 𝐴𝐶𝑊 (𝑡) is the aggregator window size of a single
flow. 𝐶 (𝑡) follows the identical sawtooths, which are quan-
tified as the maximum number of hash collisions (𝐶𝑚𝑎𝑥 ),
the amplitude of collision oscillations (𝐴), and the period of
oscillations [22].
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Thus, when the straggling degree is 1, the decreasing fac-
tor 𝑑 is calculated by dividing the number of gradients (or
packets) sent to aggregator in the last RTT by the total num-
ber of gradients sent in a full period of the sawtooth.
For a single flow, we define𝐺 (𝐴𝐶𝑊1, 𝐴𝐶𝑊2) as the num-

ber of gradients sent by this flow while its 𝐴𝐶𝑊 increases
from𝐴𝐶𝑊1 to𝐴𝐶𝑊2. Therefore, it takes𝐴𝐶𝑊2−𝐴𝐶𝑊1 RTTs
and the average window size is (𝐴𝐶𝑊1 +𝐴𝐶𝑊2)/2. Thus, we
get 𝐺 (𝐴𝐶𝑊1, 𝐴𝐶𝑊2) as follows:

𝐺 (𝐴𝐶𝑊1, 𝐴𝐶𝑊2) =
𝐴𝐶𝑊 2

2 −𝐴𝐶𝑊 2
1

2 . (8)

Let 𝐴𝐶𝑊 ∗ = 𝑀
(1−𝐻 )𝑁 , which is the boundary value that

starts the aggregator congestion control. Due to the response
time of one 𝑅𝑇𝑇 , the aggregator window size continues to
increase by 1 gradient to 𝐴𝐶𝑊 ∗ + 1. Therefore, we get:

𝑑 =
𝐺 (𝐴𝐶𝑊 ∗, 𝐴𝐶𝑊 ∗ + 1)

𝐺 ((𝐴𝐶𝑊 ∗ + 1) (1 − 𝑑
2 ), 𝐴𝐶𝑊 ∗ + 1)

. (9)

With Eq.(8) and Eq.(9), we get:

𝑑2 (1 − 𝑑

4 ) =
2𝐴𝐶𝑊 ∗ + 1
(𝐴𝐶𝑊 ∗ + 1)2 ≈ 2

𝐴𝐶𝑊 ∗ , (10)

where the approximation is valid when 𝐴𝐶𝑊 ∗ >> 1. We as-
sume that 𝑑 is small and thus 𝑑 ≈

√︁
2/𝐴𝐶𝑊 ∗. The amplitude

of oscillation in 𝐴𝐶𝑊 of a single flow 𝑆 is given by:

𝑆 = (𝐴𝐶𝑊 ∗ + 1) − (𝐴𝐶𝑊 ∗ + 1) (1 − 𝑑

2 ). (11)

When there are 𝑁 flows, we get 𝐴 as:

𝐴 = 𝑁𝑆 = 𝑁 (𝐴𝐶𝑊 ∗ + 1)𝑑2 ≈ 𝑁

2
√
2𝐴𝐶𝑊 ∗

=
1
2

√︂
2𝑀𝑁

1 − 𝐻
,

(12)

Next, according to Eq.(7), we get the maximum number
of hash collisions as:

𝐶𝑚𝑎𝑥 = 𝑁 (𝐴𝐶𝑊 ∗ + 1) −𝑀 =
𝑀𝐻

1 − 𝐻
+ 𝑁 . (13)

Plugging in Eq.(12) and Eq.(13), we get the minimum num-
ber of hash collisions as:

𝐶𝑚𝑖𝑛 = 𝐶𝑚𝑎𝑥 −𝐴

=
𝑀𝐻

1 − 𝐻
+ 𝑁 − 1

2

√︂
2𝑀𝑁

1 − 𝐻
.

(14)

To fully utilize the in-switch aggregators, we need to
choose 𝐻 to make 𝐶𝑚𝑖𝑛 >= 0. We calculate the lower bound
of 𝐻 according to Eq.(14) under varying number of aggrega-
tors and flows, so as to guide the selection of threshold 𝐻 .
As shown in Figure 5(a), as the number of flows increases,
aggregator congestion control requires a larger 𝐻 to ensure
high utilization of aggregators. Specifically, when two flows
are sharing 450 aggregators, 𝐻 only needs to be greater than
0.03 to achieve high utilization, while for 32 flows competing

at the switch aggregators,𝐻 has a lower boundary of approx-
imately 0.12. Figure 5(b) shows the result under𝑀 = 900, the
lower bound of𝐻 decreases. The lower bound of𝐻 is 0.09 un-
der 32 flows. Since a too large𝐻 will lead to a high frequency
of hash collision and make it hard to provide weighted fair
allocation of in-network aggregator resources for multiple
jobs, 𝐻 is finally chosen to make 𝐶𝑚𝑖𝑛 = 0. We analyze the
sensitivity of 𝐻 in Section 6.8.
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Figure 5. Selection of threshold 𝐻 .

5 Implementation
We implement the prototype of A2TP using a kernel bypass
protocol stack and P4-programmable switch on a real testbed.

End-host.We leverageMellanox’s RAWETHERNET user-
space network programming model to remove kernel-space
overhead, similar to ATP. We use 𝑖𝑏𝑣_𝑒𝑥𝑝_𝑝𝑜𝑠𝑡_𝑠𝑒𝑛𝑑 and
𝑖𝑏𝑣_𝑝𝑜𝑙𝑙_𝑐𝑞 function to send and receive packets, respec-
tively. The decoupled window adjustment mechanism works
after receiving the ACK packets. Meanwhile, we distinguish
the packets sent to switch and to PS server by assigning
the value of 𝑖𝑠_𝑟𝑒𝑠𝑒𝑛𝑑 in the packet header. Besides, for dis-
tributed training framework, we follow ATP’s work, which
integrates ATP with BytePS. BytePS sets up the context for
workers to communicate with the PS. All we need to do is
modifying the 𝑃𝑢𝑠ℎ() operation to aggregate gradients by
using A2TP. Then, we use BytePS’s plugin for distributed
training with DL framework like Pytorch. To aggregate gradi-
ents from different workers, we register the 𝑃𝑢𝑠ℎ() operation
on every layer’s parameters through the 𝑟𝑒𝑔𝑖𝑠𝑡𝑒𝑟 () function
provided by Pytorch. The 𝑃𝑢𝑠ℎ() operation will be called
after the corresponding gradients calculation of each layer’s
parameters is completed.

Switch.We implement the INA logic of A2TP based on the
Wedge 100BF-32X programmable switch with P4 language.
The ingress pipeline for aggregation is shown in Figure 6,
which contains multiple match-action tables. Specifically, the
packet firstly matches the 𝐹𝑖𝑙𝑡𝑒𝑟 table. If the 𝑖𝑠_𝑟𝑒𝑠𝑒𝑛𝑑 flag
in the packet header has been set as 1 at the end-host, it will
be directly forwarded to the parameter server. Otherwise, it
will trigger the aggregation and try to write the gradients to
the aggregators. There are two kinds of packets forwarded
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Figure 6. P4 implementation.

by 𝐴𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑖𝑜𝑛 table. The first one is the packet having ex-
perienced hash collision and the other one is the aggregation
result. In the 𝑆𝑒𝑡𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 table, the register 𝑎𝑔𝑡𝑟 at the lo-
cation 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛_𝑙𝑜𝑐 will be set to 1 when the 𝑖𝑠_𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛
flag in packet header is 1, which indicates the packet has
caused a hash collision in the aggregator. If the packet is an
aggregation result (with 𝑖𝑠_𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 flag as 0), its 𝑝𝑘𝑡 .𝐶𝑜𝑙
flag will be set according to the value of register 𝑎𝑔𝑡𝑟 at the
location 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛_𝑙𝑜𝑐 . The 𝑝𝑘𝑡 .𝐶𝑜𝑙 flag will be used as the
signal of aggregator hash collision to tune the sending rate
of workers. Finally, both the aggregation result and packets
having experienced collision will be forward to parameter
server according to the route in 𝐹𝑜𝑟𝑤𝑎𝑟𝑑 table.

6 Testbed Evaluation
6.1 Experimental Setup
Testbed. Our testbed consists of a Barefoot Wedge 100BF-
32X programmable switch and 11 GPU servers. All servers
are connected to the switch with 100Gbps links. Each server
is equipped with a Mellanox ConnectX5 100Gbps NIC, an
Intel Xeon W-2255 CPU (3.7GHz, 20 logical processors and
19.75MBCache), 64GBDDR4DRAMand anNVIDIARTX3090
GPU.

Workloads.We choose VGG16 [23], ResNet50 [24], Alex-
Net [25] on the image dataset CIFAR10 [26] and Bert [27]
on the corpus dataset multi30k [28] as the representative
models. VGG16 (528MB model size) and ResNet50 (98MB
model size) are selected as the communication-intensive
and computation-intensive workloads in most experiments,
respectively. We adopt SGD as the optimizer and set the
initial learning rate to 0.01.

Straggler injection.We generate background traffic with
varying sending rates on the workers to test the impact
of stragglers with varying straggling degree. To simulate
the scenarios where multiple jobs are assigned to the same
server and share the NIC bandwidth, the sending rates of
background flows are set according to the training traces of
DNN model.
Baselines. We compare A2TP with SwitchML and ATP

with two PSs. Note that, we only use 𝑁 workers and 1 PS
mode for ATP and A2TP in the evaluation. For colocated-PS

mode [29], the worker and PS on the same server will com-
municate through loopback traffic, alleviating the communi-
cation overhead. However, ATP and A2TP will still benefit
from colocated-PS, since the traffic volume from other work-
ers to the colocated-PS is reduced by in-network aggregation.
Besides, according to empirical studies, the parameters both
𝑤 and 𝑔 are set to 1/16 in A2TP.

Metrics. We evaluate A2TP on four performance metrics:
(1) Aggregation throughput is the total size of gradients
aggregated in unit time. (2) Aggregator occupancy is the
fraction of used aggregators to all aggregators. (3) Time to
Accuracy (TTA) is the real-time curve of training accuracy
changingwith time. (4) Iteration Time is the average iteration
time of gradient aggregation for multiple rounds of training
iterations.

6.2 Aggregation Throughput and Aggregator
Occupancy

Based on the experimental setup in Section 3.1, we measure
aggregation throughput and aggregator occupancy to com-
pare the performances between A2TP, SwitchML, and ATP.
As shown in Figure 2, when using A2TP, since the aggre-
gator resources are reasonably allocated for multiple jobs,
the aggregation throughput of job 𝐴 is as high as 52Gbps,
and the aggregator occupancy of job 𝐵 is greatly suppressed
when two jobs coexist. Specifically, after detecting the ag-
gregator is congested, A2TP combines the straggling degree
estimation with aggregator congestion control to reduce the
aggregator congestion window of job 𝐵 more aggressively,
reducing the aggregator occupancy of straggler job 𝐵 and
improving the aggregation efficiency. Due to the decoupling
of the congestion control of in-network aggregators and link
bandwidth, the straggler job 𝐵 abandons most of aggregator
resources and utilizes available link bandwidth to directly
upload gradients to PS. In contrast, the non-straggler job 𝐴
makes almost full use of aggregator resources to maintain a
high aggregation throughput.

6.3 Varying Straggling Level and Number of
Aggregators

We evaluate the performance of A2TP with varying strag-
gling level. We start two micro-benchmark jobs 𝐴 and 𝐵

synchronously over {𝑊1 ∼ 𝑊4, 𝑃𝑆1} and {𝑊5 ∼ 𝑊8, 𝑃𝑆2},
respectively, and measure the total aggregation throughputs.

Firstly, we fix the number of aggregators at 450 and vary
the straggling level of job 𝐵 from 1 to 0.2, where the strag-
gling level is defined as the ratio of available bandwidth
of straggling worker over the leading worker. Specifically,
for straggling level of 1, job 𝐵 is a non-straggler job, while
for straggling level of 0.2, the worker𝑊8 has only 20% of
available bandwidth due to network contention.

Figure 7(a) shows that, the aggregation throughputs of the
dynamic solutions (A2TP and ATP) are higher than that of
the static solution (SwitchML) in all cases. This is because the
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Figure 7. Performance of A2TP under varying situation.

dynamic solutions effectively share the unused aggregators
across jobs and support PS-based aggregation. Besides, the
aggregation throughputs of SwitchML and ATP decrease
with increasing straggling level, while A2TP still maintains
the high throughput. The reason is that A2TP reasonably
allocates aggregator resources for multiple jobs when the
aggregator is congested. The non-straggler job 𝐴 occupies
more aggregators than job 𝐵, improving the aggregation
efficiency.

Moreover, we fix the straggling level of job 𝐵 and vary the
number of aggregators from 100% to 50% of Peak Through-
put Aggregators (PTA) for the two jobs, where PTA is the
minimum number of aggregators required to achieve the
maximum aggregation throughput. In this case, PTA is 900
aggregators. Figure 7(b) shows that, when using 100% of
PTA, the aggregation throughputs of the three protocols are
similar due to sufficient aggregators. When the number of
available aggregators decreases, the aggregation throughput
of A2TP is kept at 63Gbps, while those of SwitchML and ATP
gradually decrease. Specifically, A2TP increases the aggrega-
tion throughput by up to 68% and 46% than that of SwitchML
and ATP, respectively.

6.4 Training Efficiency
We evaluate the training efficiency of different solutions un-
der the influence of stragglers. Note that we use real-time
accuracy and time to maximum accuracy as the metrics of
training efficiency. In this test, we use ResNet50 and VGG16
as the training models, where ResNet50 has less communica-
tion time due to fewer parameters than VGG16. There are 450
aggregators at the switch. The non-straggler job 𝐴 running
on the {𝑊1 ∼𝑊4, 𝑃𝑆1} and the straggler job 𝐵 running on
the {𝑊5 ∼𝑊8, 𝑃𝑆2} contend for the in-switch aggregators.
Meanwhile, another VGG16 training model runs on worker
𝑊8, making job 𝐵 become straggling.

Figure 8 shows the real-time accuracy of SwitchML, ATP,
and A2TP on two jobs. For SwitchML, ATP, and A2TP, the
time to reach maximum accuracy for the straggler job is
much larger than that for the non-straggler job. Fortunately,
by decoupling congestion control of aggregator resources
and links bandwidth resources, A2TP is sensitive to the strag-
gler jobs, and actively assigns more aggregator resources to
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Figure 8. Time to Accuracy.

non-straggler jobs while directly sending gradients of strag-
gler jobs to the PS. Thus, A2TP effectively reduces the hash
collision at aggregator, improves the aggregation throughput
and speeds up convergence of model training. Compared
with SwitchML and ATP, A2TP reduces the convergence
time by up to 36% and 26%, respectively.

6.5 Varying Workload
We evaluate A2TP performance under four training models
including VGG16, Resnet50, Alexnet and Bert. Under each
training model, there is one non-straggler job and another
straggler job. The parameter settings are same as those of
Section 6.4. We vary the straggling degree by changing the
sending rate of the background flow according to the total
throughput of the training job.

Figure 9 shows the average iteration time of non-straggler
job for SwitchML, ATP, and A2TP by changing the straggle
level from 0.25 to 0.1. The average iteration time of ATP
increases with the heavier straggle degree, since ATP can-
not perceive the straggler and the straggler job occupies
the aggregator resource for a longer time. Compared with
SwitchML and ATP, the iteration time of A2TP is consistently
small. This is because A2TP is sensitive to straggler and re-
leases the resources occupied by stragglers to non-straggler.
Compared with SwitchML and ATP, A2TP reduces iteration
time by up to 44% and 37%, respectively. Since A2TP allevi-
ates the impact of straggler jobs on the other non-straggler
ones, it obtains more benefits under serious straggler sce-
nario across different training models.
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Figure 9. Avg. iteration time under varying straggling level.

6.6 Large Scales
We evaluate the performance of A2TP in multiple-job scenar-
ios by relaunching identical DNN training jobs. Specifically,
we vary the total number of jobs from 1 to 8. Every job has
4 workers, each of which is evenly allocated to the servers.
There are at most 4 workers of different jobs in a server. The
aggregators used by SwitchML are equally divided according
to the number of jobs.
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Figure 10.Avg. iteration time under varying number of jobs.

Figure 10 shows the average iteration time of all jobs
with different kinds and numbers of DNN training jobs. The
iteration time of all schemes increase with more jobs due
to the fewer available aggregators in each job. As shown

in Figure 10, A2TP reduces the average iteration time by
up to 66% and 18% compared with SwitchML and ATP with
stragglers (i.e., the number of jobs is larger than 2), indicating
that A2TP accelerates the aggregation progress of normal
jobs. Besides, A2TP achieves high speedup with more jobs.
When the number of jobs is 4, A2TP only reduces the average
iteration time by 12% compared with ATP. However, A2TP
achieves 18% speedup under 8 jobs because ATP has lower
aggregation efficiency with more jobs.

6.7 Effectiveness of Straggling Estimation
The straggling estimation of A2TP aims to capture the strag-
gling degree of the job timely and accurately. We evaluate
the effectiveness of A2TP straggling estimation when a strag-
gler exists. We set up a single micro-benchmark job across
{𝑊5 ∼ 𝑊8, 𝑃𝑆2}. We add background traffic with varying
strength of bandwidth competing on the link from worker
𝑊8 to switch. The job and background traffic start at 0s. The
strength of background traffic increases with 3s time inter-
val until 12s, and the corresponding sending rate is 1Gbps,
20Gbps, 40Gbps and 60Gbps, respectively. After 12s, the back-
ground traffic gradually reduces the strength with 3s interval,
and the transmission stops at 20s. We measure the real-time
aggregation throughput and estimated straggling degree.
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Figure 11. Effectiveness of straggling estimation.

Figure 11(a) shows the aggregation throughput of the job.
As the strength of background traffic increases, the available
bandwidth of𝑊8 decreases and the job straggling level in-
creases, slowing down the aggregation throughput. On the
contrary, as the strength of background traffic decreases, the
aggregation throughput increases gradually. During this pe-
riod, the estimated straggling degree has a similar trend with
actual straggling level, as shown in 11(b). Specifically, when
the aggregation throughput drops to 22Gbps due to strag-
gler, the estimated straggling degree is 0.4, and if there is no
straggler, the estimated straggling degree is approximately
0.99. This result indicates that, A2TP accurately estimates
the straggling degree of job in real time, so as to precisely
guide the adjustment of aggregator congestion window.

6.8 Sensitivity Analysis
The sensitivity analysis aims to evaluate the effect of thresh-
old 𝐻 on A2TP performance. The experimental setup and
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topology are the same as in Section 6.3, where the number
of aggregators for switches is fixed at 450. The experiments
are conducted in two scenarios, namely with non-straggler
job and with straggler job. Note that each job contains 4
workers and a parameter server. With straggler job, a half
of jobs are non-straggler jobs, and others are straggler jobs,
each of which has one straggling worker. We report the ef-
fect of threshold 𝐻 on A2TP’s aggregation throughput with
non-straggler job and with straggler job.
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Figure 12. Aggregation throughput under varying number
of jobs 𝑁 and threshold 𝐻 .

Figure 12 shows the total aggregation throughput under
varying threshold from 0 to 1. With non-straggler job, the
threshold 𝐻 needs to be greater than 0.05 when 𝑁 is 2, oth-
erwise it will cause loss of aggregator utilization. This is
because when the threshold 𝐻 is too small (i.e., 𝐻 < 0.05),
the aggregator prematurely triggers aggregator congestion
control, resulting in too aggressive congestion control. More-
over, with the increase of 𝑁 , 𝐻 also needs to increase to
achieve full aggregator utilization, which follows the conclu-
sion of the theoretical analysis. For example, when 𝑁 is 8, 𝐻
should be greater than 0.1 to achieve maximum aggregator
utilization as shown in Figure 12(b).
Besides, A2TP needs a reasonable threshold 𝐻 to distin-

guish the straggling jobs and non-straggler jobs, and assigns
them different aggregator resources. As shown in Figure
12(a), with a smaller threshold 𝐻 as 0.15, A2TP achieves
about 60Gbps aggregation throughput with straggler. Be-
sides, though a smaller threshold𝐻 workswell in distinguish-
ing two different jobs, it achieves low aggregation through-
put due to low utilization (i.e., as shown in Figure 12(b), the
aggregation throughput is only 57Gbps when 𝐻 is 0, while

the maximum throughput is 63Gbps when 𝐻 is 0.15). With
straggler jobs, when the threshold exceeds 0.2, the aggre-
gation throughput decreases significantly, and A2TP gets
the lowest throughput when the threshold is larger than
0.55. This is because the extremely large threshold makes
A2TP have no chance to control the number of aggregators
occupied by jobs with straggling worker, resulting in severe
performance degradation. Therefore, we empirically set𝐻 to
0.15 to achieve both high aggregator utilization and weighted
fair allocation of in-network aggregator resources.

6.9 Resource Overhead
We compare the resource overheads of SwitchML, ATP, and
A2TP including Match Crossbar, Hash Bits, Gateway, SRAM,
VLIW Actions, and ALU Instruction, which are reported by
the P4 compiler.
As shown in Table 1, since INA requires to frequently

access a large number of registers for gradients aggregation,
SwitchML, ATP, and A2TP all consume many SRAM and
ALU resources. ATP and A2TP require less Match Crossbar
and VLIW Actions than SwitchML as they handle packet
loss and recovery at the end-hosts. Since A2TP adds only
1bit of hash collision fields in the aggregator, the overhead
of A2TP is slightly higher than that of ATP. Therefore, A2TP
can be deployed in existing P4-programmable switch with
tiny additional overhead.

Table 1. Overhead of different aggregation scheme.

Resource SwitchML ATP A2TP
Match Crossbar 21.88% 14.13% 14.84%

Hash Bits 7.73% 6.77% 7.41%
Gateway 13.54% 50.00% 52.08%
SRAM 45.94% 44.79% 45.94%

VLIW Actions 28.39% 14.58% 14.84%
ALU Instruction 79.17% 75.00% 77.08%

7 Simulation Evaluation
To evaluate the performance of A2TP in the large-scale sce-
narios, we conduct NS3 simulations in the realistic datacenter
topology and ML workloads. We use the leaf-spine topology
with 12 ToR and 12 core switches. Each of ToR switches con-
nects to 48 hosts and the whole network has 576 hosts. The
bandwidth of all links are 100Gbps and the maximum base
RTT is set to 16𝜇s. We adopts ECMP for the load balancing.

We compare the performance of A2TPwith Ring-Allreduce,
SwitchML and ATP. For all INA solutions, the packets size is
set to 306B [6], which includes 58B header and 248B payload.
Simlilar to SwitchML and ATP, A2TP supports the extension
of in-network aggregation to multiple switches. To support
non-deterministic routing algorithm such as ECMP, all INA
solutions only deploy aggregation function at ToR switches,
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providing 2-level in-network aggregation for cross-rack traf-
fic. The workloads are generated according to the training
traces of ResNet50, AlexNet, VGG16 and LSTM [30] (1748MB
model size). In our experiment, the proportions of the num-
ber of jobs for the four training models are same. By default,
the switch memory for aggregation is 2MB, the number of
generated jobs is 280, and the number of workers in each job
is randomly and uniformly distributed in the range of 2-8.
We randomly place the worker for each job, and a host may
be shared by multiple jobs (no more than 8 jobs).
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Figure 13. Average iteration time in different scenarios.

We evaluate the average iteration time of A2TP under
varying number of jobs from 160 to 320, and different switch
memory from 1MB to 3MB. As shown in Figure 13(a), A2TP
outperforms the existing INA solutions and Ring-Allreduce
under different loads due to the alleviation of low aggrega-
tion efficiency caused by straggler. Ring-Allreduce generates
more network traffic than INA solutions, resulting in higher
communication overhead. Specifically, compared with Ring-
Allreduce, SwitchML and ATP, A2TP reduces the average
iteration time by up to ∼26%, ∼27% and ∼13%, respectively.
Figure 13(b) shows the performances of the four algorithms
with varying switch memory. A2TP achieves the lowest itera-
tion time even when switch memory is only 1MB. As switch
memory decreases, SwitchML suffers from significantly per-
formance degradation, since the aggregator resources are
statically allocated for all jobs and the gradients cannot be
aggregated on the host. For ATP and A2TP, the lack of aggre-
gators lead to severe link bandwidth congestion. Thus, their
performances also degrade as the aggregator resources de-
crease. Ring-Allreduce is not affected from the size of switch

memory. If the switch memory are extremely scarce, it might
be better to use Ring-Allreduce for a part of jobs.

8 Discussion
Fairness Issues. (1) How to ensure minimum fairness for a
straggler job? According to A2TP’s design in Section 4.3.2, in
the worst case, the jobs with severe straggler will relinquish
almost all of the aggregators to the job with non-straggler.
However, they can still send gradients to PS for aggregation,
bypassing the aggregator. The bandwidth allocation at the
bottleneck link to PS will eventually converge to fairness.
Therefore, the job experiencing severe straggler will not be
starved, ensuring minimum fairness.

(2) How to achieve fair allocation of aggregators for mul-
tiple jobs? Under A2TP, for workers with the same straggler
degree, they will follow the same resource allocation rules
of Additive Increase and Multiplicative Decrease (AIMD),
so they will eventually converge to fairness. Meanwhile, if
the enterprise is more concerned about job’s fairness than
efficiency, the straggling degree could be fixed to the same
to achieve fair resource allocation among multiple jobs.
Comparison with Ring-Allreduce. In Ring-Allreduce

algorithm, the amount of training data that each worker
sends and receives is 4(𝑁−1)𝑀

𝑁
[3], where 𝑁 and 𝑀 are the

number of workers and the total number of bytes to be ag-
gregated, respectively. Under A2TP, the amount of data that
each worker sends and receives is 2𝑀 and the amount of
data that PS sends and receives is also 2𝑀 . It indicates that
Ring-Allreduce needs more time to communication. If the
aggregator resource suffers from congestion, A2TP employs
aggregator congestion control to improve the aggregation
efficiency, which still provides low communication overhead.
Figure 13 shows that A2TP achieves lower average iteration
time than Ring-Allreduce under large-scale scenarios. In the
extreme case, the lack of aggregator resources leads to se-
vere link bandwidth congestion, it might be better to use
Ring-Allreduce for a part of jobs.
Small payload and floating-point calculation. The

INA solutions such as SwitchML, ATP, and A2TP are imple-
mented on Intel Tofino switch, which can only support up to
256B of packet payload for aggregation due to limitation of
computation flexibility. SwitchML provides a optional man-
ner to expand payload size to 1024B by recirculating packets
through four switch piplines. However, it needs to place extra
switch ports into loopback mode. Besides, since the switch
dataplanes cannot support float-point calculations, such INA
solutions adopt floating-point value quantization to converts
the floating-point values into 32bit integers at the end-host,
incurring small aggregation error. Fortunately, PANAMA
[5] uses FPGA to support the floating-point calculations.
Above issues are caused by the insufficient capability of pro-
grammable switch. Using next generation of programmable
switch or FPGA may address these issues.
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Implementation with high performance solutions.
For RDMA, RDMA Reliable Connected (RC) mode provides
flow control and reliable delivery in the RNIC for point-to-
point communication. However, A2TP is designed for in-
network aggregation, breaking the point-to-point semantics.
Thus, RDMA RC is not fit for A2TP, and we implement a new
aggregator-aware congestion control algorithm by using
UDP-like Raw Ethernet. It is beneficial for high throughput
and low latency of RDMA. Since we implement flow control,
reliable delivery, and aggregation operations in userspace
by using CPU, GPU memory is not yet handled by A2TP.
Thus, A2TP is not beneficial for GPUDirect RDMA yet. We
leave this work in the future. For higher performance GPU
such as V100, it achieves a shorter computation time, and the
communication time becomes a larger part in each iteration.
Therefore, using in-network aggregation will obtain more
benefit due to reducing the traffic volume of communication
phase. The resource requirement of in-network aggrega-
tion does not increase, since the required switch memory
resources are related to the number of jobs and the size of
the bandwidth-delay product (BDP).

9 Related Work
Many communication optimization schemes have been pro-
posed to accelerate DML training by reducing the traffic
transferred in the network.

The first category is to reduce the traffic volume by the in-
network aggregation at the switches. DAIET [31] proposes
a concept design of INA, which aggregates gradients at the
switch to compress traffic volume on the whole path. Both
Sharp [32] and Sharpv2 [33] propose INA protocols for In-
finiband. Sharp maps the aggregation tree to the switches in
the network and aggregates data that needs to be aggregated
in each layer according to the aggregation tree. Although
Sharp is able to reduce the transmitted data in the network,
it cannot tolerate packet loss to provide reliable transmission
and is also unable to be deployed on the Ethernet.

To solve the above problems, SwitchML [4] implements pa-
rameter aggregation with a static and fair resource allocation
mechanism on programmable switches in Ethernet network.
Besides, SwitchML proposes a packet loss recovery mecha-
nism for INA transmission to ensure the reliability of aggre-
gation. PANAMA [5] designs a lightweight FPGA-based in-
network aggregation module, which supports floating-point
operations and achieves linear aggregation speed without af-
fecting the training accuracy. Meanwhile, PANAMA designs
a congestion control mechanism for in-network aggrega-
tion transmission, providing better in-network aggregation
service than SwitchML under the large-scale shared cluster
scenarios. However, the static allocation of aggregator re-
sources in SwitchML and PANAMAmay result in aggregator
under-utilization. To solve this problem, ATP [6] dynamically
and fully utilizes aggregator resources. ATP sends gradients

to aggregators with best effort for aggregation, and supports
gradients to be aggregated at the PS when aggregator re-
sources are insufficient.
Besides, there are several other works to speed up the

transfer of gradient at the end host. For example, OmniRe-
duce [34] considers the sparsity of gradients, which only
sends the non-zero gradients to reduce the traffic volume.
OmniReduce creates indexes for non-zero gradients, and the
aggregator records the non-zero gradient index of all hosts to
confirm the aggregation progress of the current aggregation
gradient. With the cooperation between the host and the
aggregator, the host only needs to transmit non-zero gradi-
ents during the aggregation process, effectively improving
the throughput. Moreover, P3 [35] greatly reduces the idle
waiting time of GPU through overlapping computation and
communication. ByteScheduler [36] further optimizes the
overlap of communication and computation by dividing the
gradient into fine granularity. Meanwhile, several new com-
munication patterns are proposed. For example, BytePS [3]
combines All-Reduce and PS communication patterns to fully
utilize available bandwidth. BlueConnect [37] proposes a
topology-aware adaptive communication mechanism, which
adjusts the communication pattern in accordance with net-
work conditions.

Compared with the above works, A2TP focuses on the
congestion control mechanism and allocation of aggregator
resources in existing INA services. Through the decoupled
congestion control and straggling estimation mechanism,
aggregator resources are efficiently allocated amongmultiple
jobs to improve aggregation efficiency and reduce the model
training time.

10 Conclusion
In this paper, we propose aggregator-aware aggregation
transmission protocol A2TP, which decouples the conges-
tion control of in-switch aggregators and link bandwidth,
and allocates aggregators according to the straggling degree
for multiple jobs to alleviate the impact of straggler job on
aggregation process. We implement A2TP by using a P4-
programmable switch and a kernel bypass protocol stack at
the end host. We evaluate A2TP in the hardware testbed with
the real-world benchmark training models. The results show
that A2TP speeds up the training time by up to 66% than ex-
isting INA protocols. A2TP’s source code is publicly available
at https://github.com/CSU-NetLab/A2TP-Eurosys2023.
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