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Abstract—RDMA over Converged Ethernet version 2 (Ro-
CEv2) has been widely deployed in data centers for artificial
intelligence training, distributed storage, and high-performance
computing. Its performance, however, is highly sensitive to
Explicit Congestion Notification (ECN) parameter settings. Static
ECN configurations are difficult to maintain under dynamic
and bursty traffic, while distributed tuning may suffer from
local-policy coupling and centralized online search can introduce
considerable telemetry, computation, and probing overhead. This
paper presents DT-ECN, a digital twin-based ECN parameter
tuning method for RoCEv2 networks. Instead of repeatedly
evaluating candidate configurations in the production network,
DT-ECN constructs a calibrated digital twin from In-band Net-
work Telemetry (INT), generates traffic-aware ECN candidates,
evaluates them through fluid-model-based parallel simulation,
and selects the best configuration using a multi-objective utility
function that jointly considers throughput, queue length, and
Priority-based Flow Control (PFC) risk. Prototype experiments
under representative Incast scenarios show that DT-ECN reduces
the candidate evaluation cost by 94.4% compared with ByteTun-
ing when reaching the same target utility. Compared with the
default configuration, DT-ECN improves average throughput by
10.3% and up to 21.6 %, while reducing P99 flow completion time
(FCT) and PFC pause frames by 58.2% and 85.9% on average,
respectively.

Index Terms—RDMA Over Converged Ethernet Version 2,
Explicit Congestion Notification Parameter Tuning, Digital Twin,
In-band Network Telemetry

I. INTRODUCTION

RDMA over Converged Ethernet version 2 (RoCEv2) [1]
carries Remote Direct Memory Access (RDMA) traffic over
standard Ethernet and provides low delay, high throughput, and
low CPU overhead while maintaining Ethernet compatibility.
It has been widely adopted in data center scenarios such as
artificial intelligence training, distributed storage, and high-
performance computing [2]. However, the lossless transmis-
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sion requirement of RDMA [3] places strict demands on queue
control and congestion management.

RoCEv2 networks typically combine Priority-based Flow
Control (PFC) and Explicit Congestion Notification (ECN)
for congestion management [4]. PFC reduces packet loss
risk by pausing upstream senders, while ECN marks packets
before queue buildup reaches the PFC threshold and guides
end-host congestion control algorithms [5], such as Data
Center Quantized Congestion Notification (DCQCN) [6], to
adjust sending rates. Therefore, switch-side ECN parameters,
including K, in, Kimaa, and P,q,, directly affect congestion
feedback timing [7], queue length, link utilization [8], PFC
risk, and flow completion time [9]. Since data center traffic is
highly dynamic, fixed ECN parameters are difficult to maintain
across different workloads, and ECN tuning must dynamically
balance throughput, queue length, and PFC risk.

Existing ECN tuning approaches mainly include static em-
pirical configuration, distributed local tuning, and centralized
feedback search. Static configuration is simple but cannot
adapt to changing traffic patterns. Distributed methods are
vulnerable to local observations and policy coupling among
switches. Centralized feedback search provides a global view,
but it often requires repeatedly applying candidate configura-
tions in the real network, causing additional control overhead
and service disturbance. Therefore, ROCEv2 networks require
an ECN tuning method that simultaneously provides global
coordination, efficient search, and low online disturbance.

To address these issues, this paper proposes DT-ECN, a
digital twin-based ECN parameter tuning method for RoCEv2
networks. We focus on the automatic configuration of switch-
side ECN parameters K, Kmaz, and Pp,q,., while treating
PFC thresholds as safety constraints for candidate filtering
and configuration deployment rather than primary tuning tar-
gets. DT-ECN migrates candidate ECN parameter generation,
evaluation, and selection to the digital domain. The physical
domain collects telemetry measurements through INT [10],
while the digital domain performs traffic identification, model
calibration, candidate generation, fluid-model-based parallel
simulation, and multi-objective decision making. A new con-



figuration is deployed only when it satisfies safety constraints
and provides a utility improvement above a predefined thresh-
old, thereby reducing online probing and tuning disturbance
in production networks.

The main contributions of this paper are summarized as
follows:

o We propose DT-ECN, a digital twin-based ECN parame-
ter tuning framework for RoCEv2 networks. By combin-
ing physical-domain telemetry with digital-domain can-
didate evaluation, DT-ECN shifts most candidate explo-
ration from the production network to the digital domain,
reducing online probing cost and tuning disturbance.

o« We design a traffic-aware and safety-constrained ECN
tuning mechanism that integrates biased Monte Carlo
candidate generation, fluid-model-based parallel simula-
tion, and multi-objective utility optimization. This mecha-
nism efficiently identifies ECN configurations that jointly
balance throughput, queue buildup, and PFC risk.

o We implement a DT-ECN prototype and evaluate it under
representative Incast scenarios. Experimental results show
that DT-ECN reduces the candidate evaluation cost by
94.4% compared with ByteTuning, improves average
throughput by 10.3% and up to 21.6%, and reduces P99
FCT and PFC pause frames by 58.2% and 85.9% on
average, respectively.

II. RELATED WORK AND MOTIVATION

ECN parameter configuration directly affects congestion
feedback timing, queue buildup, link utilization, and PFC risk
in RoCEv2 networks. Due to the burstiness and dynamics of
data center traffic, automatically adjusting ECN parameters
according to the current traffic state has become an important
problem in RoCEv2 network management [11]. Existing ap-
proaches can be broadly categorized into static empirical con-
figuration, distributed local tuning, and centralized feedback
search.

Static empirical configuration typically sets ECN/PFC
thresholds according to link speed, round-trip time, switch
buffer size, and vendor recommendations. This type of method
is easy to deploy and stable in operation, but its parameters are
usually determined offline and are difficult to adapt to Incast,
mixed small-flow and large-flow traffic, and dynamic workload
changes.

Distributed tuning methods, represented by ACC ap-
proaches [12], deploy agents or local control logic on switches
and adjust ECN thresholds according to local queue length,
throughput, and congestion feedback [13]. These methods have
good scalability, but without global coordination, parameter
updates across switches may interfere with each other, leading
to policy coupling, unstable convergence, and local optima.

Centralized feedback search methods, represented by
ByteTuning [14], use global runtime states to tune
congestion-control-related parameters. They can alleviate
local-observation and policy-coupling issues in distributed
approaches. However, they usually rely on online probing

in the physical network, requiring repeated configuration de-
ployment, feedback observation, and search-direction updates.
This can introduce additional control overhead and traffic
disturbance.

In summary, existing approaches are difficult to simultane-
ously achieve global coordination, efficient search, and low
online disturbance. This paper therefore migrates candidate
parameter generation, evaluation, and selection to the digital
domain through DT-ECN [15], preserving a global state view
while reducing online configuration trials in the physical
network.

III. DT-ECN SYSTEM DESIGN

This section presents DT-ECN, which moves ECN pa-
rameter exploration from the production network to a cali-
brated digital domain. We then describe its architecture, state
modeling, candidate generation, and simulation-based decision
making.

A. System Architecture

DT-ECN targets automated ECN parameter tuning for Ro-
CEv2 networks. Given the current telemetry state, switch-
supported configuration range, and safety constraints, DT-
ECN aims to automatically select an ECN configuration
z = (Kmin, Kmaz, Pmaz) that balances throughput, queue
length, and PFC risk. The overall architecture is illustrated
in Fig. 1. The system consists of a physical domain and
a digital domain. The physical domain includes RoCEv2
switches, servers equipped with RNICs, network telemetry
channels, and configuration interfaces. It carries real traffic,
collects runtime states, and receives configuration updates.
The digital domain includes traffic-state identification, model
calibration, candidate parameter generation, fluid-model-based
parallel simulation, multi-objective optimization, and config-
uration deployment modules. It generates candidate ECN pa-
rameter sets, evaluates their throughput, queue, and PFC risk,
and selects the best configuration from the current candidate
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B. State Sensing and Model Calibration

The physical-domain state sensing layer maps the runtime
state of the real RoCEv2 network to the digital domain.
Switches report flow identifiers, port identifiers, timestamps,
queue lengths, ECN marking states, and byte counters through
packets or telemetry reports. Based on this information, the
digital domain reconstructs active flow paths, estimates end-to-
end throughput, and identifies bottleneck ports and congestion
levels [16].

To reduce telemetry overhead, we use sampled teleme-
try [17] to estimate throughput. Let At be the observation
period, Ny.cport be the number of telemetry reports received
during the period, L; be the actual payload length in bytes of
the i-th sampled packet, and p be the telemetry sampling rate.
The throughput is estimated as

o
pAt

Since L; is measured in bytes, the estimated throughput is
first obtained in bytes per second and is converted into bit/s
or Gbps when reporting the experimental results. Compared
with estimation based on a fixed maximum transmission unit
(MTU), this method uses the actual payload length contained
in telemetry reports and is better suited to mixed small-flow
and large-flow scenarios, reducing the overestimation of small-
flow throughput.

The digital twin model must be dynamically calibrated
according to the physical network state. Let ¢7°%(t) and
q5"™(t) denote the real and simulated queue lengths of port
e, respectively. Let T eal(t) and T3 (t) denote the real and
simulated throughput of flow group g, respectively. The queue
error E,(t) and throughput error Ep(t) are defined as
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When either Eq(t) or Ep(t) exceeds its threshold for
multiple consecutive periods, the system enters the model
calibration state. Since network devices cannot directly obtain
the internal state of heterogeneous RNICs [18], we infer
equivalent macroscopic parameters from observation feedback,
including feedback delay 7, rate reduction coefficient 7, and
additive increase step d. The calibration objective over a recent
window is
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min t;V (Eq(t) + En(t)). (4)
In our prototype, calibration is triggered when either the
queue error or the throughput error exceeds a predefined
threshold for three consecutive monitoring windows. The
equivalent macroscopic parameters are fitted by a lightweight
grid search over recent telemetry windows, which avoids
introducing high online computation overhead while keeping
the digital model close to the physical network state.

Through this calibration, the fluid model in the digital do-
main can dynamically approximate the queue and throughput
dynamics of the physical network. When the model error
is large or calibration is not complete, DT-ECN suspends
aggressive parameter deployment and only keeps the current
configuration or falls back to a conservative configuration,
reducing the tuning risk caused by prediction bias.

C. Candidate Parameter Generation

The candidate generation layer generates a set of ECN
candidate configurations according to the current traffic
state. The i-th candidate configuration is denoted as x; =
(K:nin7K:nazvp'anax)’ where K'rlnin’ K;naa:’ and P;naa: rep-
resent the ECN marking threshold, the threshold where the
marking probability reaches the maximum, and the maximum
marking probability, respectively. The objective is to gener-
ate configurations that match the current traffic state while
satisfying the switch-supported configuration range and PFC
safety constraints, thereby providing an effective search space
for fluid simulation and multi-objective decision making.

Since the ECN parameter space is continuous, uniform
random search over the entire space may produce many candi-
dates that do not match the current traffic state. We therefore
adopt a traffic-aware biased Monte Carlo generation method.
It adjusts the sampling distribution according to the current
traffic state and concentrates candidates in more promising
parameter regions. Lightweight traffic-state statistics are used
as prior information to guide the sampling center and reduce
online probing in the physical network.

The candidate generation process is illustrated in Fig. 2.
It consists of three steps. First, the system identifies ele-
phant flows, potential elephant flows, and mice flows based
on telemetry statistics within a window, and determines
the sampling bias factor. Second, it generates candidate
(Kmin, Kmaz) values around the biased baseline ECN thresh-
olds and combines them with P,,,,, to form candidate vectors.
Finally, it filters high-risk configurations using PFC safety
constraints to obtain a valid candidate set.

Elephant Flows

Flows

— i i i
Xi = (Kminr KmaXv Pmax)

(Biased Monte Carlo Sampling)

X ={xy, ... xn}
Valid Candidate Set

Mice Flows

Fig. 2: Tllustration of ECN candidate parameter generation in
DT-ECN.

Let by (i) denote the bytes reported by flow f in the i-th
monitoring period, and let W be the sliding window length.



The accumulated bytes of flow f within the window are

> by, (5)
i=t—W+1

Let 7, be the threshold for elephant-flow detection. If
Bf(t) > m, flow f is identified as an elephant flow. If
By(t) < 7, but remains active within the window, it is
identified as a potential elephant flow. Otherwise, it is treated
as a mice flow. The system determines the bias factor A
according to the proportions of these three traffic types. When
elephant flows dominate, A > 1 shifts candidates to higher
threshold regions to maintain throughput. When mice flows
dominate, A < 1 shifts candidates to lower threshold regions to
reduce queue length. When potential elephant flows or mixed
traffic dominate, A\ is set close to or slightly larger than 1
to balance throughput and queue control. In implementation,
A can be selected from a predefined discrete set to avoid
additional continuous optimization overhead.

Let the baseline ECN thresholds be Wpy,se =
(Kbase [Kbase) We construct biased candidate distributions

man max

for K,,;n and K,,4, around AWjp,... For the i-th candidate

configuration, K¢ ,, and K are sampled from truncated
normal distributions as
' b 2
K:nin ~ MTU"C()‘KT;LZELG’ Unw'n)a (6)
j b 2
K:naa: ~ MTUHC()‘Kn?;iv Umaz)7 (7)

where 0,,;, and o,,4, control the candidate search range.
A smaller variance enables faster search around the cur-
rent biased center, while a larger variance preserves ran-
dom exploration. The maximum marking probability P! .
is uniformly sampled from the discrete set P supported by
the switch. The resulting candidate configuration is x; =
(Krzninn K:naw7 P:‘/aa:v)'

To reduce the risk of triggering PFC, let Kprc be the PFC
threshold and A4, . be the safety margin. Each candidate must
satisfy 0 < K' . < K! .. and K¢ .. + Agsare < Kpro.
If a sampled candidate violates these constraints, the system
either resamples it or projects it back to the legal range.
Through biased sampling and safety filtering, the candidate
generation module dynamically adjusts the ECN search region,
reduces invalid candidates, and provides effective inputs for
subsequent fluid-based parallel simulation and multi-objective
decision making. The concrete parameter settings used in the

experiments are reported in Section IV-A.

D. Parallel Simulation and Multi-objective Decision Making

The digital-domain parallel simulation and decision layer
evaluates candidate ECN configurations and selects the best
one. The input of the digital simulation is a candidate ECN
configuration and the calibrated traffic state, while the outputs
are predicted throughput, average queue length, and PFC
risk over the simulation window [19]. For each candidate
z; = (K Kb uws Phs)» DT-ECN injects it into the digital-

domain fluid model, simulates the evolution of port queues,
ECN marking feedback, and source sending rates [20], and

then calculates the corresponding throughput, queue length,
and PFC risk. Since candidate configurations are independent,
the candidate set X = {z1,22,...,2x} can be evaluated in
parallel in the digital domain.

Candidate ECN parameters enter the fluid model through
the port-level ECN marking mechanism. The digital model
computes marking feedback according to the current queue
length and candidate ECN parameters, and further drives
source-rate adjustment and queue evolution. For port e, the
queue update is expressed as

+
Gt+At) = |gt)+At| D R -C || . @)

9g€Ge

where G. denotes the set of flow groups traversing port e,
R;(t) denotes the sending rate of flow group g under candidate
x;, C denotes the link capacity of port e, and [-]* denotes the
non-negative constraint. The source sending rate is updated by
a macroscopic fluid response model driven by ECN marking
feedback. Its feedback delay, rate reduction coefficient, and
additive increase step are set to the equivalent macroscopic
parameters calibrated in Section III-B.

After simulation, the system computes three evaluation
metrics according to the rate and queue trajectories generated
by each candidate. T'(x;) denotes the normalized throughput,
obtained from the sending rates of all flow groups in the sim-
ulation window. Q(z;) denotes the normalized queue length,
computed from the average ratio of port queue trajectories to
PFC thresholds. L(z;) denotes the normalized PFC risk and
is computed as the frequency with which queues exceed PFC
thresholds

~
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where 7 denotes the simulation window, £ denotes the set of
ports, and K%~ denotes the PFC triggering threshold of port
e.

The multi-objective utility function used by DT-ECN to
evaluate candidate configurations is

U(z;) = wrT(;) — woQ(z;) —wrL(z;),  (10)

where wr, wg, and wy, are the weights of throughput, queue
length, and PFC risk, respectively. The selected candidate with
the maximum utility is

Y

*
@7 = arg max U(x;)-
To avoid network oscillation caused by frequent updates,
DT-ECN deploys =* only when its utility improvement over
the current configuration x,,, exceeds a threshold €, and when
it simultaneously satisfies PFC safety constraints and model-
error constraints. Otherwise, the current configuration remains
unchanged.



IV. IMPLEMENTATION AND EXPERIMENTAL ANALYSIS

We build a prototype of DT-ECN that integrates teleme-
try collection, traffic-state identification, model calibration,
candidate generation, parallel fluid simulation, multi-objective
decision making, and configuration deployment. The prototype
collects INT or sampled telemetry reports from switches,
updates the digital-domain model with runtime feedback, eval-
uates candidate ECN configurations in batches, and deploys
a new configuration only when it improves the utility while
satisfying safety constraints.

A. Experimental Setup

We implement DT-ECN on a real two-tier Clos RoCEv2
testbed. The testbed consists of four Inspur CN9500 200G
spine switches, eight Inspur CN9300 100G leaf switches,
and 32 servers. Each server is equipped with two Yunbao
100 Gbps RDMA NICs. The spine-leaf and leaf—server links
operate at 200 Gbps and 100 Gbps, respectively. RoOCEv2 with
Data Center Quantized Congestion Notification (DCQCN) is
enabled at the end hosts, while ECN and Priority-based Flow
Control (PFC) are enabled on the switches.

We compare DT-ECN with four representative baselines:
Default, Expert, ACC, and ByteTuning. Default uses the
vendor-recommended ECN configuration. Expert uses a static
configuration derived from link capacity, round-trip time
(RTT), and empirical operating rules. ACC represents dis-
tributed local ECN tuning based on local queue and throughput
observations, while ByteTuning represents centralized online
search based on simulated annealing. DT-ECN differs from
these baselines by evaluating candidate ECN configurations in
the calibrated digital domain before deployment.

Experiments are conducted under 2-to-1, 8-to-1, and 16-to-
1 Incast workloads to evaluate performance under different
congestion intensities. We report throughput, average queue
length, P99 flow completion time (FCT), PFC pause frames,
and tuning efficiency. Unless otherwise specified, DT-ECN
generates N = 64 candidates in each tuning round. The
traffic-state bias factor is selected from A € {0.8,1.0,1.2},
and the maximum marking probability is sampled from P =
{1%,10%, 20%, 50%, 80%, 100%}. The standard deviations
of the truncated normal distributions are set to 0., =
0.15K%¢ and 0,,4. = 0.15K0%%%¢ and the safety margin

min maz?

is set to Agqfe = 0.1Kppc.

B. Tuning Efficiency

The tuning efficiency experiment evaluates whether DT-
ECN can find better ECN parameters with fewer candidate
evaluations. We use multiple Incast scenarios and compare
ByteTuning, ACC, and DT-ECN in terms of utility values
under different numbers of candidate evaluations. Since DT-
ECN biases the sampling range according to the traffic state
and evaluates candidates in parallel in the digital domain, it can
reduce invalid candidate search and improve tuning efficiency.

Fig. 3 compares the normalized utility under different
numbers of candidate evaluations. DT-ECN reaches a utility
of 0.80 after 50 evaluations and converges to 0.85, while

ByteTuning requires 900 evaluations to reach 0.80 and ACC
reaches only 0.59 after 1000 evaluations. Taking 0.80 as the
target utility, DT-ECN reduces the candidate evaluation cost
by 94.4% compared with ByteTuning. It also outperforms the
expert and default configurations, whose utilities are 0.55 and
0.42, respectively.

Normalized Utility

ByteTuning
ACC
==+ Expert
= Default

200 400 600 800
Number of Candidate Evaluations

1000

Fig. 3: Utility comparison of different methods under varying
numbers of candidate evaluations.

C. Network Performance

We evaluate DT-ECN under 2-to-1, 8-to-1, and 16-to-1 In-
cast scenarios. Fig. 4 reports throughput, average queue length,
P99 FCT, and PFC pause frames to characterize utilization,
queueing, tail latency, and PFC risk.

Fig. 4 (a) shows the throughput comparison. Under light
Incast traffic, all methods achieve relatively high throughput.
As the fan-in degree increases, the throughput of the default
and expert configurations drops more significantly because
static ECN parameters cannot adapt well to stronger burst
contention. DT-ECN maintains the highest throughput in all
three scenarios. Compared with the default configuration,
DT-ECN improves throughput by 2.2%, 7.1%, and 21.6%
under 2-to-1, 8-to-1, and 16-to-1 Incast, respectively. The
average throughput improvement is 10.3%, indicating that DT-
ECN can better preserve link utilization under severe Incast
congestion.

Fig. 4 (b) compares the average queue length. The queue
length increases with the Incast fan-in degree for all methods,
but DT-ECN consistently maintains the lowest queue buildup.
Under 16-to-1 Incast, the average queue length is reduced from
1523 KB under the default configuration to 516 KB under DT-
ECN. This result shows that the ECN parameters selected by
DT-ECN can trigger congestion feedback earlier and prevent
excessive queue accumulation.

Fig. 4 (c) presents the P99 flow completion time (FCT).
Since tail latency is closely related to queue buildup and con-
gestion feedback delay, the default and expert configurations
suffer from much higher P99 FCT under high fan-in traffic.
DT-ECN achieves the lowest P99 FCT across all scenarios.
In the 16-to-1 Incast case, DT-ECN reduces P99 FCT from
3.20 ms to 1.15 ms compared with the default configuration.



On average, DT-ECN reduces P99 FCT by 58.2%, demon-
strating its effectiveness in improving tail latency.

Fig. 4 (d) shows the number of PFC pause frames. PFC
pause frames increase rapidly when queues approach or ex-
ceed the PFC threshold, especially under high fan-in Incast.
DT-ECN generates the fewest PFC pause frames among all
methods. Under 16-to-1 Incast, DT-ECN reduces PFC pause
frames from 1654 P/Min to 220 P/Min compared with the
default configuration. The average reduction reaches 85.9%,
indicating that DT-ECN can effectively keep queues away
from the PFC threshold and reduce the risk of PFC-triggered
performance degradation.
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Fig. 4: Network performance comparison under static Incast
scenarios.

V. CONCLUSION

This paper proposed DT-ECN, a digital twin-based ECN
parameter tuning method for RoCEv2 networks. To address the
trade-off among search efficiency, runtime stability, and system
cost in existing automatic parameter tuning methods, DT-ECN
migrates most candidate search and performance evaluation
processes to the digital domain. The physical domain uses INT
to collect per-flow states, while the digital domain generates
biased ECN candidates according to the traffic state and
evaluates throughput, queue length, and PFC risk through
fluid-model-based parallel simulation. A multi-objective utility
function then selects the best configuration, which is deployed
only when safety constraints are satisfied.

Compared with static configuration, local distributed tuning,
and centralized online search methods, DT-ECN provides low
online disturbance, high parallel evaluation capability, and
explainable decisions. Future work will further validate the
method in larger-scale real RoCEv2 clusters and explore joint
tuning of ECN parameters, PFC thresholds, and DCQCN end-
host parameters for more comprehensive automated RoCEv2
network operation.
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