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Abstract
Datacenter CCs typically target full bandwidth utilization
and minimal queueing delay and strive to converge to these
targets as quickly as possible. State-of-the-art CCs exhibit
different convergence speeds, with the fastest ones converging
in O(1) steps, which means reaching the target in constant
time regardless of network conditions. However, their reliance
on network features makes them not readily deployable.
For instance, precise-INT-based CCs, such as HPCC and
PowerTCP, achieve O(1)-step convergence through MIMD
operations based on precise congestion information from
the lengthy INT header, which is challenging to support for
high-speed commodity hardware. Our key insight is that
delay and delay gradient can exhibit precision comparable
to INT, enabling O(1)-step convergence without specialized
network features. Based on this insight, we propose OSCAR,
the first O(1)-Step Convergence And Readily-deployable CC.
OSCAR introduces novel techniques to accurately estimate the
delay gradient with minimal overhead, eliminate overreaction
in MIMD updates, and coordinate independent control loops
to converge to one target. Testbed evaluations demonstrate
OSCAR can rapidly converge to the fair share under real-world
noise. In large-scale simulations with realistic workloads,
OSCAR consistently outperforms precise-INT-based CCs by
12%-48% on average FCT and 40%-74% on tail FCT.

1 Introduction
Datacenter congestion control (CC) algorithms play a vital
role in providing high throughput and low latency data
transmission for critical services such as distributed AI model
training [33, 54, 75], high-performance distributed storage
[16,36], resource disaggregation [29,34] and beyond. To meet
these goals, CCs [7, 11, 14, 55, 57, 59, 61, 72, 85, 88] typically
target full bandwidth utilization and minimal queueing delay,
and strive to converge to these targets as quickly as possible.
With the rapid evolution of network bandwidth [33,54,75] and
the prevalent on-off traffic patterns [75, 77], the convergence
speed of CCs has become increasingly critical [14, 88].

∗ Peirui Cao is the corresponding author.

In particular, it is worth noting that state-of-the-art CCs
exhibit different convergence speeds. We employ the big
O notation, typically used in algorithmic time complexity,
to characterize how the CC’s convergence time scales with
the gap between its current and target states. This gap
is analogous to the input size in time complexity analysis
(§ 2.1). The ideal CCs should converge in O(1) steps, i.e.,
the convergence time is independent of the gap between
current and target states, yielding predictable performance
under diverse network dynamics [83]. Existing O(1)-step
convergence CCs fall into three categories. (i) Precise-INT-
based CCs such as HPCC [61] and PowerTCP [7] achieve
O(1)-step convergence through MIMD (multiplicative in-
crease/multiplicative decrease) operations based on precise
congestion information obtained from INT headers. (ii)
Receiver-driven CCs [20, 35, 43, 48, 72] enable O(1)-step
convergence for last-hop congestion by adapting transmis-
sions based on credits sent from receivers. (iii) Switch-driven
CCs [8, 14, 55] utilize switches to manage network states and
proactively instruct senders to adjust their rates for O(1)-step
convergence.

Despite their effectiveness, O(1)-step convergence CCs are
not readily deployable due to their assumption on network
features (§ 2.2). Precise-INT-based CCs require network
hardware to support lengthy INT header parsing, which is
shown to be challenging without compromising throughput
[12, 13, 64, 85]. Receiver-driven CCs [20, 25, 35, 43, 48, 72]
typically require a well-provisioned and symmetric datacenter
topology, which is hard to satisfy due to frequent link failures
[39, 62, 69, 94, 95]. Moreover, some receiver-driven CCs
rely on features such as packet trimming [43] or symmetric
routing [25], which can lack widespread hardware support.
Similarly, switch-driven CCs [8,14,55] require computational
capabilities that are unavailable in commodity switches.
Given these deployment challenges, we pose the question:
Can a readily deployable CC achieve O(1)-step convergence?

The answer is yes. The key insight is that delay and delay
gradient can exhibit precision comparable to INT, enabling
O(1)-step convergence through MIMD operations without
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reliance on specialized hardware or network topologies.
While prior studies have separately identified weaker forms
of our insight (e.g., MIMD converges faster [55, 61], delay
and its gradient are effective congestion signals [22, 57, 70]),
to the best of our knowledge, we are the first to explicitly
establish this precision equivalence and delineate the specific
constraints under which it holds. Based on this insight, we
propose OSCAR, the first O(1)-Step Convergence And
Readily-deployable CC.

Our contributions are summarized as follows:
• We present two design principles for CC aiming

for O(1)-step convergence and deployability. (i) MIMD
reaction to precise congestion signals is essential. Our
analysis in § 3.1 reveals that MIMD reaction to precise
congestion signals can achieve O(1)-step convergence while
AIMD reaction fails even with precise signals. (ii) Delay
and delay gradient can serve as precise congestion signals
to achieve O(1)-step convergence, provided their intrinsic
constraints are addressed. As demonstrated in § 3.2, under
constraints that the bottleneck queue is neither empty nor full,
the delay can precisely reflect the aggregate window of flows
if flows are all window-bounded, and the delay gradient can
precisely reflect the total rate if flows are all rate-bounded. As
delay and delay gradient are precise under mutually exclusive
conditions, i.e., whether flows are window-bounded or rate-
bounded, a CC should employ them complementarily to
consistently achieve O(1)-step convergence.

• We propose several techniques to overcome the chal-
lenges of applying the above-mentioned principles in the
design of OSCAR. (i) Precise and low-overhead calculation
of delay gradient in high-speed networks is challenging.
We propose the Batched Least Squares (BLS) algorithm to
compute delay gradients with constant time-space overhead
(§ 4.1.1). (ii) Achieving O(1)-step convergence necessitates
large update steps, which risk overreaction, a problem we
observed in existing precise-INT-based CCs when congestion
lasts over an RTT. OSCAR elegantly eliminates overreaction
by updating based on the sending state synchronized with
congestion signals, rather than the current sending state
(§ 4.1.2). (iii) OSCAR utilizes delay and delay gradient
complementarily. As delay can reflect the aggregate window,
OSCAR employs it to control the window, targeting to stabilize
the queueing delay. Similarly, OSCAR employs the delay
gradient to control the sending rate, targeting to equalize
the aggregate sending rate with the line rate. Since these
two control loops have distinct control variables and targets,
directly employing them can lead to conflicts. Our analysis
(Theorem D.2) derives the control law that can simultaneously
achieve the targets of two control loops, enabling their
collaboration (§ 4.2).

Through careful design, OSCAR outperforms Precise-INT-
based CCs in three aspects. First, OSCAR eliminates the
bandwidth overhead of INT headers. Second, OSCAR prevents
oscillations caused by overreactions in MIMD control. Third,

OSCAR’s absence of overreactions allows it to perform MI
more frequently, improving responsiveness to underutiliza-
tion.

• We implement OSCAR and conduct comprehensive
evaluations in both testbed and simulation. We imple-
ment OSCAR in DPDK. Overhead analysis indicates that
OSCAR incurs less computation overhead than most of the
datacenter CCs (§ 5). Testbed evaluations confirm that
OSCAR delivers superior performance in noisy real-world
environments (§ 6.2). Evaluation of BLS proves its delay gra-
dient calculation is robust to noise, achieving 13.4× accuracy
improvement over methods used by TIMELY, the state-of-
the-art delay-gradient-based CC. In all-to-all communication
[46, 73], OSCAR outperforms Swift and TIMELY by up to
93.9% on average and 51.4% at the tail.

In large-scale simulations with realistic workloads, OS-
CAR’s average Flow Completion Time (FCT) for small flows
(< 1 BDP) is 7.6% longer than HPCC’s due to HPCC’s zero-
queue target state. In contrast, OSCAR reduces large flow FCT
by up to 62.2% compared to HPCC. If HPCC is configured
with the same target state as OSCAR, OSCAR outperforms
it by 10%-42% across all flow sizes. Compared to precise-
INT-based CCs, OSCAR reduces average FCT by 12%-48%,
tail FCT by 40%-74% considering all flows, and reduces the
completion time of collective communications used in model
training by up to 17%. Moreover, unlike precise-INT-based
CCs that rely on the strict assumption of a single forwarding
path [61], OSCAR is compatible with per-packet LB (§ 4.4)
and outperforms all tested non-INT-based CCs by 17% to
76% in such environments.

As a contribution to the community and to ensure repro-
ducibility, our artifacts are made publicly available [90]. This
work does not raise any ethical issues.

2 Motivation

2.1 CCs Have Different Convergence Speeds
We employ the big O notation, typically used in algorithmic
time complexity, to characterize how the CC’s convergence
time1 scales with the gap between its current and target states.
This gap (denoted as ∆) is analogous to the input size in time
complexity analysis.

The convergence speed of CCs can be further decomposed
into acceleration and deceleration speeds. Acceleration speed
is crucial for achieving high bandwidth utilization, thereby
benefiting throughput-sensitive applications [33, 54, 75] with
large flows. Meanwhile, deceleration speed is vital for
maintaining short queues and low latency, which is critical

1Consistent with recent literature [7,42,56,57,61,68,88], unless explicitly
stated, "convergence" refers to achieving target state (typically near-full
bandwidth utilization or a shallow queue) rather than converging to fairness.
Convergence to the target state means achieving high throughput and low
latency. In this paper, we quantify convergence time by the number of CC
update steps (AI, MI, or MD operations), since the time used by each step is
on the order of one RTT for most CCs [8, 11, 55, 57, 61, 85, 88, 91].
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Category Representative CCs Acceleration
Speed

Deceleration
Speed

Readily
Deployable

AIMD-based CC DCQCN [91], TIMELY [70], Swift [57] O(∆) O(log∆) !
Short-INT-based CC Poseidon [85] O(log∆) O(log∆) !

Precise-INT-based CC HPCC [61], PowerTCP [7] O(1) O(1) #
Receiver-driven CC NDP [43], Homa [72] O(1) O(1) !
Switch-driven CC XCP [55], Bolt [14], Harmony [8] O(1) O(1) #

OSCAR, the first O(1)-step convergence CC via readily accessible signals O(1) O(1) !

∆ denotes the gap between the initial state and the target state.

Table 1: Comparison of OSCAR and state-of-the-art datacenter CCs.
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Figure 1: Convergence process of repre-
sentative CCs in a typical microburst.

for latency-sensitive applications [29, 34, 76] with small
flows. The ideal CCs should converge in O(1) steps, i.e.,
the convergence time is independent of the state gap ∆ during
both acceleration and deceleration. This characteristic ensures
predictable performance across diverse network dynamics.

Table 1 classifies existing CCs by their convergence speed.
To illustrate this, Figure 1 shows the convergence of a long-
lived flow under three representative CCs during a typical
microburst scenario induced by nine short-lived flows active
from 1 ms to 5 ms (experiment setup is detailed in § 6.3). The
y-axis plots the long-lived flow’s sending rate (for DCQCN)
or window (for Poseidon and HPCC), normalized by the link
capacity (line rate or base BDP, i.e., line rate × base RTT).
Therefore, the long-lived flow’s target state corresponds to
0.1 during the microburst and 1.0 otherwise.

AIMD-based CCs, such as DCQCN, exhibit an O(∆)
acceleration speed and an O(log∆) deceleration speed. Dur-
ing acceleration, they advance by a fixed step, making
the number of steps to close the gap ∆ proportional to ∆

itself. During deceleration, the multiplicative deceleration
step closes only a fraction of the gap per step, leading to
logarithmic convergence (formally proven in Theorem D.1).

Short-INT-based CC, i.e., Poseidon [85], employs a
compact INT header (ideally 2 bytes in size) to carry per-
hop delay and uses a control law that accelerates faster at a
lower rate, resulting in an O(log∆) convergence speed during
both acceleration and deceleration as shown in Figure 1.

Precise-INT-based CCs, such as HPCC and PowerTCP,
can achieve O(1)-step convergence by MIMD reaction to
precise queue length and output rate embedded by switches
into a 42-byte INT header, which will be detailed in § 3.1.

Additionally, the following two categories of CCs can
also achieve O(1)-step convergence. Receiver-driven CCs
[20, 25, 35, 43, 48, 72] enable O(1)-step convergence for last-
hop congestion, where the congestion information can be
directly seen at the receiver. Switch-driven CCs [8,14,30,55]
utilize switches to manage network states and proactively
instruct senders to adjust their rates for rapid, even sub-RTT
convergence [14].

2.2 Current O(1)-step Convergence CCs Are
Not Deployment-Friendly

While O(1)-step convergence CCs offer superior performance,
they are not readily deployable due to their assumption on

specialized hardware or network topologies.
The main challenge in deploying precise INT lies in

adopting high-speed network hardware to handle extensive
INT headers without compromising throughput [85]. There
are two methods for integrating INT headers [2, 58]. (i) INT
padding involves inserting empty INT headers for typical
hop counts (e.g., 5-hops [61]) at the sender. This approach
necessitates a longer parser for the deeper header, impacting
the forwarding rate of switches [64]. Moreover, during
link failures, this approach struggles as packets navigate
additional hops to reach their destination. (ii) INT prepending
involves each switch prepending the INT header at a fixed
offset, causing prior headers to shift backward in sequence.
This method requires NICs to adopt a variable-length parser,
impacting their throughput [12, 13]. During link failures,
this method may cause the packet length to exceed the
MTU [2, 85]. Besides, excessively lengthy INT headers will
compromise the network goodput by reducing the proportion
of payload in packets [17]. In contrast, the short INT
used by Poseidon is easier to implement by avoiding these
complications [79]. However, using short INT headers still
requires upgrading switches, and cannot support O(1)-step
convergence as shown by Poseidon [85].

Receiver-driven CCs typically rely on packet spraying to
avoid congestion at the network core, necessitating well-
provisioned and symmetric datacenter topologies. However,
many modern data centers adopt oversubscription to scale
the network topology [31, 75], while frequent link failures
[39, 62, 69, 94, 95] make maintaining symmetric topologies
challenging. Besides, packet spraying can cause out-of-order
delivery. When applied to the RDMA network, this feature
is fully supported only by the latest commodity RDMA
NIC (ConnectX-8 [1]). In contrast, the support in previous-
generation NICs is limited to a subset of verbs [83], and
packet reordering can disrupt their retransmission algorithms
[65, 83]. Additionally, some receiver-driven CCs require
packet trimming [43], priority queues [72], or symmetric
routing [25], which is not supported by all switches. Switch-
driven CCs require computational capabilities on switches,
which are not supported by commodity switches.

Although current O(1)-step convergence CCs demonstrate
superior performance and may see broader adoption in the
future, their reliance on advanced hardware features poses
significant deployment challenges for data centers that cannot

USENIX Association 23rd USENIX Symposium on Networked Systems Design and Implementation    545



Goodput of the long flow Fair share HPCC's U from INT

500 600 700 800
0

50

100

Ra
te

(G
bp

s)

Suspended due 
to inflight larger 
than window

500 600 700 800
Time (us)

0

5

10 U= 9.5 indicates 
10 full-speed HPCC 
  flows at the bottl-
                    eneck

HP
CC

's 
U

(a) Microburst starts.

1450 1500 1550 1600
0

50

100

Ra
te

(G
bp

s)

Perform 5 
AIs in 60μs

Perform MI 
for O(1)-step 
convergence

1450 1500 1550 1600
Time (μs)

0

1

2
Utlization is 
around 0.095

HP
CC

's 
U

(b) Microburst ends.

Figure 2: HPCC multiplicatively reacts to congestion information
derived from INT to achieve O(1)-step convergence.

afford or upgrade to the latest hardware. Therefore, we pose
the question: Can readily deployable CC achieve O(1)-step
convergence?

3 Design Rationale
Given the prevalent hardware reliance of receiver-driven CCs
(non-blocking topology) and switch-driven CCs (computa-
tional capabilities on switches), we choose to use a sender-
driven approach to implement a readily deployable O(1)-
step convergence CC. To realize this vision, we conduct
in-depth analysis and experiments to identify the crux of the
O(1)-step convergence of Precise-INT-based CCs (§ 3.1). We
then explore readily accessible congestion signals that can
deliver precise congestion information (§ 3.2). Based on
the observations, we propose the idealized control law for
achieving this objective (§ 3.3).

3.1 Multiplicative Reaction to Precise Signals
is Critical for O(1)-step Convergence

By definition, O(1)-step convergence guarantees that a
CC can reach its target state within a constant number of
steps, regardless of the initial and target state gap ∆. This
necessitates that at least one of these steps can eliminate
the entire remaining state gap (i.e., one-step convergence).
Conversely, if a CC can eliminate only a portion of its current
state gap each step, the convergence will be an iterative
process and can be proven to require at least O(log∆) steps
(Theorem D.1). Therefore, our discussion of the control law
will primarily focus on how to achieve one-step convergence.
Analysis of existing CCs reveals two key observations:

Observation 1.1: Precise-INT-based CCs achieve one-
step convergence via multiplicatively reacting (MIMD) to
the precise congestion signal.

To analyze with fine-grained network information, we
conduct micro-benchmark experiments on HPCC using ns-
3 [3]. Our experiment setting is detailed in § 6.3. Within this
setup, 1 of the 10 senders continuously transmits a long flow,
while the other 9 senders transmit short flows between 500
µs and 1500 µs to mimic a typical microburst scenario. In
Figure 2, the upper subfigures show the goodput of the long
flow and the network’s fair share, and the lower subfigures
show the congestion information (bottleneck utilization U)

HPCC obtains from INT. HPCC’s target utilization Utarget is
set to 0.952, following the original paper [61].

Figure 2a shows the start of the microburst, where HPCC
quickly reduces its window to the fair share after congestion
occurs. After a brief suspension caused by the inflight
exceeding the window, it starts sending at its fair share. This
rapid convergence stems from two key mechanisms:
(i) The congestion signal (U) precisely reflects the network
state. Upon congestion, U rises to 9.5, which is 10× of the
Utarget , precisely reflecting 10 full-speed competing flows.
(ii) HPCC multiplicatively reacts to the signals. Based on the
congestion signal, each flow multiplicatively decreases the
window to the 1

10 of its current size to converge.

An analogous process occurs for acceleration. As shown in
Figure 2b, when congestion ceases (at 1500 µs), HPCC’s
U drops to around 0.095, indicating that the bottleneck
is operating at only 10% of the Utarget . After 5 RTTs
(HPCC performs MI only after observing underutilization
for 5 consecutive RTTs), HPCC multiplicatively increases its
window size by 10×, achieving the target utilization.

Observation 1.2: AI-based CC can not achieve O(1)-
step convergence, even with precise congestion signals.
HPCC’s effectiveness stems from its MIMD response to
precise congestion signals. This raises a natural question:
can AIMD-based CCs also achieve O(1)-step convergence?
We argue that this is fundamentally impossible. The limitation
is inherent to the AI mechanism, where the aggregate rate
increase scales with the number of flows n, a parameter that
the CC can neither control nor perceive.

The AI of a flow f can be formulated as r f (t) = r f (t −
1)+α, where t and t−1 denote current and previous times,
r f denotes f ’s rate, and α denotes the AI step. For n flows
sharing a bottleneck, the aggregate rate after an AI step is
∑r f (t) = ∑r f (t − 1) + n ·α. To eliminate the gap ∆ in a
single step, CC must set α = ∆

n , which is impractical as n is
challenging to measure from congestion signals.

Conversely, an MI step can be formulated as r f (t) = r f (t−
1) ·β, where β is the multiplicative factor. Thus, the aggregate
arrival rate at the bottleneck is ∑r f (t) = ∑r f (t− 1) ·β. To
eliminate the gap ∆ = Rtarget − ∑r f (t − 1) where Rtarget

denotes the target aggregate rate, CC needs to set β=
Rtarget

Rtarget−∆
.

This is feasible because Rtarget is already known and ∆ can be
measured through precise congestion signals.

Based on Observation 1.1 and 1.2, we conclude:

Principle 1: CC should multiplicatively react to precise
congestion signals to achieve O(1)-step convergence.

2Due to the overhead from lengthy INT headers, HPCC’s goodput is
only 86% of the fair share, not the target 95%. Using 4 KB jumbo frames
increases this to 92% but does not fully eliminate the bandwidth waste.
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Figure 3: Readily accessible congestion signals.

3.2 Delay and Delay Gradient can Provide
Precise Congestion Information

O(1)-step convergence necessitates precise congestion infor-
mation. Next, we explore whether readily accessible multi-
bit congestion signals (i.e., delay and delay gradient) can
deliver such precision3. Through derivation and experimental
verification, we obtain the following observations.

Observation 2.1: Delay precisely reflects the total window
size of flows passing through the bottleneck4 under the
constraint that the queue is neither empty nor full, and flows
are bounded by window.

Delay can be modeled as follows, where d(t) denotes delay
at time t, dq(t) denotes queueing delay at t, q(t) denotes queue
length at t, i(t) denotes the inflight size of a flow pass through
the queue, µ denotes packet departure rate of the queue, w(t)
and r(t) denote flow’s window and rate5.

d(t) = RT Tbase +dq(t) = RT Tbase +
q(t)

µ
(1)

= RT Tbase +
∑ i(t)−BDPbase

µ
=

∑ i(t)
µ

(2)

(When queue is neither empty nor full)

≤ ∑w(t)
µ

(Equality holding when window-bounded) (3)

Equation 1 shows the direct relationship between delay and
queue length. When the queue is neither empty nor full, the
relationship between the queue length and the total inflight
through the queue is described by Equation 2. When flows’
transmissions are window-bounded, inflight packets’ size
matches the window size. Therefore, the delay can reflect the
total window size of the flows passing through the bottleneck,
i.e., d(t) = ∑w(t)/µ (Equation 3), when the queue is not
empty or full, and flows are window-bounded.

3While single-bit signals such as ECN can provide multi-bit congestion
estimates through aggregation [11, 40], achieving the requisite precision
remains a non-trivial challenge, which is discussed in Appendix A.2.

4Analysis in this section is based on the single-bottleneck scenario.
5We refer the reader to Table 3 for all the notations being used.

To verify the accuracy and the constraint of delay without
the influence of CC’s behavior, we implement oracle CC in ns-
3, which controls both window and rate to achieve the target
of one base BDP queue at bottleneck. It always converges
to the target in one step with a reaction delay of 50 µs. The
setting of the experiments is aligned with Figure 2.

Figure 3a shows the delay normalized by base RTT and
total window normalized by base BDP at the start and end of
the microburst. Upon the start of the microburst at 500 µs, the
delay increases to 10×RT Tbase in around 10 µs. During this
period, the new flow has not yet fully utilized the window, i.e.,
rate-bounded. Thus, the delay does not reflect the window.
When stabilizing at 10× RT Tbase (510 µs to 550 µs), the
delay accurately reflects the total window of the flows as 10×
BDPbase. After the oracle CC decides to reduce the window,
no packets are sent until the inflight is below the window.
After the termination of short flows (1500 µs-1510 µs), the
long flow converts from window-bound to rate-bounded due
to delay reduced. Therefore, delay does not reflect the total
window.

Observation 2.2: Delay gradient precisely reflects the
total rate of flows passing through the bottleneck under the
constraint that the queue is neither empty nor full, and flows
are rate-bounded.

Denote delay gradient as g(t) and packet arrival rate of the
queue at t as λ(t), the physical meaning of g(t) can be derived
as follows:

g(t) =
dd(t)

dt
=

d(RT Tbase +dq(t))
dt

=
dq(t)
µ ·dt

(4)

=
d
(∫ t

t−δt(λ(t)−µ)dt +q(t−δt)
)

µ ·dt
=

λ(t)−µ
µ

(5)

(When queue is neither empty nor full)

≤ ∑r(t)
µ
−1 (Equality holding when rate-bounded) (6)

Equation 4 is based on the definition of gradient and Equation
1. In Equation 5, δt denotes an infinitely small time period
used in the analysis. This equation gives the relationship
between arrival rate λ(t) and g(t) and is held when the queue
is neither empty nor full from t − ∆t to t. When flows’
transmissions are rate-bounded, the arrival rate equals the
total send rate. In summary, the delay gradient can reflect the
total send rate of the flows passing through the bottleneck, i.e.,
g(t) = ∑r(t)

µ −1 (Equation 6), when the queue is not empty
or full and flows are rate-bounded.

Figure 3b depicts the delay gradient and normalized total
rate at the start and end of the microburst, where the oracle
delay gradient is calculated by Sliding Window Least Squares
(SWLS) [52]. At the start of congestion (500 µs-510 µs),
the oracle delay gradient rises to 9, accurately reflecting the
bottleneck arrival rate at 10µ. When the microburst ends
(1500 µs-1510 µs), the oracle delay gradient decreases to -
0.9, indicating that the bottleneck’s arrival rate reduces to
0.1µ. However, once the network is window-bounded (510
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µs-550 µs), the window’s self-clocking equalizes the arrival
and departure rate at the bottleneck. The delay gradient is 0
and no longer informative.

Observation 2.3: Precisely calculating the delay gradient
is challenging.

Unlike delay, which can be directly measured, delay
gradient must be derived through calculation. Figure 3b
presents the delay gradient calculated by TIMELY, a state-
of-the-art delay-gradient-based CC. Its gradient calculation
is less accurate during the microburst and exhibits a lag in
response to the microburst end. The limitations of TIMELY’s
gradient calculation will be further explored in § 4.1.1.

Based on Observation 2.1, 2.2 and 2.3, we conclude:

Principle 2: CC can leverage delay and delay gradient
as precise congestion signals, while also needing to
overcome their intrinsic limitations that they only serve
as precise signals under specific constraints and are
challenging to measure.

3.3 One-step Convergence Based on Delay and
Delay Gradient

This subsection presents the idealized method for converging
the total window and rate to the target state in a single step
by multiplicatively reacting to delay and delay gradient. The
mechanism for converging to fairness is discussed in § 4.3.

Assuming the target queue length is Qtarget , which corre-
sponds to target delay Dtarget = RT Tbase +Qtarget/µ. Given
that the delay can reflect the total window size as d = ∑w/µ,
each flow can update its window multiplicatively by Dtarget/d
to make the delay converge to Dtarget in one step when delay
is precise. The target total rate of flows passing through a
bottleneck is typically set to the bottleneck’s departure rate,
i.e., ∑r = µ, to ensure full bandwidth utilization. The delay
gradient reflects the total rate as ∑r = µ(1+ g). Therefore,
when delay gradient is precise, by updating each flow’s rate
multiplicatively by 1/(1+g), the total rate converges to µ.

However, as shown in § 3.2, delay and delay gradient are
precise under mutually exclusive conditions, i.e., whether
flows are window-bounded or rate-bounded. Therefore, a CC
should employ them complementarily to consistently achieve
O(1)-step convergence.

4 Design
Based on the above principles, we propose OSCAR, the
first O(1)-Step Convergence And Readily-deployable
CC. The core of OSCAR is multiplicative reaction to delay
and delay gradient, as depicted in Figure 4, which ideally
enables convergence to the target state in one step, i.e.,
achieving O(1)-step convergence. To achieve this vision,
OSCAR addresses the following challenges:

• O(1)-step convergence needs precise congestion signals.
However, as shown in § 3.2, accurately calculating delay
gradient in high-speed networks is challenging. (§ 4.1.1).

• Unlike AIMD-based CCs, which update based on the
current state by relatively small steps, MIMD-based CCs
often apply a substantial multiplicative factor on the reference
state, i.e., w(t − 1) and r(t − 1) in Figure 4, for rapid
convergence. Thus, minor deviations in reference state can
lead to fluctuations or overreactions, making it essential for
OSCAR to select correct reference states to update (§ 4.1.2).

• As shown in Figure 4, OSCAR employs two independent
control loops to establish the control law: the <delay,
window> loop aims at stabilizing the queue at the target
length, and the <delay gradient, rate> loop aims at equalizing
the bottleneck ingress rate with the line rate. Without proper
coordination, these two loops may often conflict as they work
for distinct targets (§ 4.2).

• MIMD is well-known for its inherent lack of fairness.
OSCAR needs to ensure fairness while retaining MIMD as its
core control mechanism(§ 4.3).

4.1 Batched Estimator for Network State
OSCAR employs a batched estimator to assess the network
state, which includes congestion signals estimation (§ 4.1.1)
and reference state calculation (§ 4.1.2). Algorithm 1 presents
the pseudocode for OSCAR’s batched estimator. Line numbers
referenced in this subsection are specified to Algorithm 1.

4.1.1 Congestion Signals Estimation
RTT as delay measurement. OSCAR measures delay using
the RTT of data packets, defined as the difference between the
data packet’s sending timestamp sendT s and the correspond-
ing ACK’s receiving timestamp recvT s. Given the limited
memory space on high-speed NICs, OSCAR’s sender embeds
the sendT s in the packet header. The receiver then echoes
sendT s back to the sender in the ACK. The sender calculates
the RTT from sendT s in the ACK and the time ACK received.
OSCAR uses 4 bytes for sendT s with the unit of nanoseconds.
Batched least square for gradient estimation. Although
using delay gradient as the congestion signal has been
introduced in existing studies [44,51,70], the accuracy of their
delay gradient calculations does not meet the requirements of
OSCAR for high-precision control in high-speed network.

A straightforward method for calculating the delay gradient
is to divide the difference in delays by the difference in
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Algorithm 1: OSCAR’s Batched Estimator
Input: sendT s,recvT s, pktIn f l
Result: delay,gradient, in f light,rate

1 Function Estimate(sendT s,recvT s, pktIn f l)
2 pktDelay← recvT s− sendT s
3 sumX += sendT s, sumY += pktDelay
4 sumXX += sendT s · sendT s
5 sumXY += sendT s · pktDelay
6 counts += 1, sumIn f l += pktIn f l
7 if sendT s− startT s≥ τ && counts≥ 3 then
8 delay← sumY

counts
9 gradient← counts·sumXY−sumX ·sumY

counts·sumXX−sumX ·sumX

10 in f light← sumIn f l
counts , rate← counts·MTU

sendT s−startT s
11 sumX ,sumY,sumXX ,sumXY,counts,sumIn f l←0
12 startT s← sendT s
13 return True
14 return False

packet sending timestamps, followed by applying a noise-
smoothing algorithm to reduce the error6. However, in
modern datacenters with transmission rates typically reaching
or exceeding 100 Gbps, the sending intervals between packets
are extremely small (~10 ns). When performing division,
the small denominator can significantly amplify minor errors
(~µs) in delays. Moreover, EWMA (Exponentially Weighted
Moving Average), the most prevalent noise-smoothing al-
gorithm in CCs [11, 70, 74, 82], can diminish or delay the
perception of congestion information, as demonstrated by the
delayed gradient calculation of TIMELY in Figure 3b.

Instead, by treating time as the independent variable and
delay as the dependent variable, OSCAR estimates delay gradi-
ent as the slope between time and delay through least squares.
The most classic least squares solutions for estimating system
dynamics are the recursive (RLS) [45] and the sliding-window
least squares (SWLS) [26, 53]. However, RLS is numerically
unstable [45, 63], while SWLS with a window size of n
requires O(n) storage space [87].

We propose the Batched Least Squares (BLS) for delay
gradient estimation with constant time and space complexity,
i.e., the overhead is irrelevant to the rate or the number of
packets. In deriving the least squares solution, the delay
gradient calculation can be succinctly represented as:

g =
n ·∑(xi · yi)−∑xi ·∑yi

n ·∑(x2
i )− (∑xi)2

(7)

where ∑ is the abbreviation of ∑
n
i=1, with xi representing

the sendT s of a packet and yi the corresponding delay, and
n the number of packet for a batched estimation. From the
formula, we find that calculating the delay gradient only needs
to store five cumulative values: ∑xi,∑yi,∑x2

i ,∑xiyi and n.
Consequently, BLS does not store statistics upon reception
but instead updates the algorithm’s state accordingly (line

6While there are differences in details, many CCs based on delay gradients
such as CARD [51], CDG [44], and TIMELY [70] employ similar techniques.

(a) HPCC's reference state selection

RTT t1+RTT0 t1

wr=BDP wr=½ BDP w=¼BDP

τ

(b) OSCAR's reference state selection

w=BDP w=BDP w=½ BDP w=½ BDP

RTT t1+RTT0 t1

Congestion periodCongestion period Congestion signalCongestion signalReference stateReference state

Figure 5: Illustration of OSCAR’s reference state selection.

3-5). Then, it calculates the delay gradient in the period τ

(line 7). The average delay is also calculated per τ (line 8).
We set τ to half the base RTT to balance the responsiveness

and noise robustness. To prevent the aforementioned small
denominator issue, the calculation is postponed if fewer than
three ACKs are received within τ (line 7).

OSCAR employs 4-byte timestamp in nanoseconds, leading
to a wrap-around approximately every 4.3 seconds, which is
much longer than typical lifespan of datacenter flows. This
issue is resolved with only 1 bit of storage overhead and a
maximum of τ estimating delay, as detailed in Appendix A.1.

4.1.2 Reference State Selection
In MIMD updating, the correct reference state selection is
essential to avoid fluctuations and overreactions.

HPCC updates the reference window wr once per RTT,
attempting to avoid overreacting. Upon receiving each ACK,
wr is used as the reference state for updating the window.
However, as depicted in the left half of Figure 5, this design
can lead to overreactions. Consider a typical congestion
scenario where two flows with a BDP window compete for
a bottleneck. Congestion begins at time 0 and lasts for a
RT T . One RT T after congestion occurs, HPCC receives
the congestion signal from time 0 and updates wr using
the window size from that moment, reducing the window
to 1

2 BDP. Then, at time t1 + RT T , HPCC receives the
congestion signal from the packet sent at t1, which is at the
same magnitude as time 0. HPCC then updates based on
previous wr, further reducing the window to 1

4 BDP, resulting
in an overreaction. PowerTCP employs a similar reference
state selection to that of HPCC, thereby encountering the
same issues.

The overreaction of HPCC stems from using the congestion
signal from time t1 while referring to the state at time RT T .
Based on this observation, OSCAR uses the state synchronized
with the congestion signal as the reference state to update.
As shown in the right half of Figure 5, at time t1 + RT T ,
OSCAR state is updated through congestion signal from t1
combined with state at t1, thereby avoiding overreaction.

To implement the synchronization mechanism, OSCAR in-
tegrates the reference state estimation into the batch estima-
tor. Recall that OSCAR employs both window and rate to
control transmission, the actual inflight may deviate from
the window size due to rate constraints, and the actual
transmission rate may vary from the rate specified by CC due
to window limitations. Therefore, OSCAR needs to estimate
the actual inflight size and send rate rather than merely
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Algorithm 2: OSCAR’s Main Algorithm
Input: sendT s,recvT s, pktIn f l
Result: w,r

1 Procedure NewAck(sendT s,recvT s, pktIn f l)
2 estimated← BE.Estimate(sendT s,recvT s, pktIn f l)
3 if estimated == False then return
4 if BE.delay == RT Tbase then
5 u← u+UHAI // Hyper increase

6 else
7 uw = BE.in f light

BE.delay·µ // (Delay, window) loop

8 ur =
BE.rate

(1+BE.gradient)·µ // (Gradient, rate) loop

9 if BE.delay < Dtarget then u = max(uw,ur)
10 else u = min(uw,ur) // Coordinate two loops

11 u = u+UAI // Consistent AI term for fairness

12 w = max(u ·Dtarget ·µ,BDPbase)
13 r = u ·µ

recording the window and rate specified by CC. During
transmission, OSCAR’s sender includes the current inflight
pktIn f l in the header, which is then echoed back in the
ACK by the receiver. Upon receiving an ACK, the batched
estimator accumulates pktIn f l into the sumIn f l (line 6). The
batch estimator calculates actual inflight as sumIn f l

counts and the
send rate as counts·MTU

sendT s−startT s , where MTU denotes Maximum
Transmission Unit and sendT s− startT s is the length of the
estimation period (line 10). Ablation studies confirm that
HPCC’s reference state selection leads to overreactions, while
OSCAR’s eliminates them (§ 6.3). OSCAR can work with ACK
coalescing, as detailed in Appendix A.1.

4.2 Control Law of OSCAR
OSCAR employs two independent control loops to establish
its control law. To coordinate the control loops, we first
identify how to coordinate the window and rate to ensure they
can converge to the same target. During the coordination
of window and rate, OSCAR determines which control loop
to adopt based on the relationship between the current and
the target network state. The pseudocode of the control law
is presented in Algorithm 2. Upon receiving a new ACK,
OSCAR feeds the packet’s information to the batched estimator
(BE at line 2 in Algorithm 2). Following each estimation,
OSCAR executes congestion control actions.
Unified window ratio and rate ratio. When both window
and rate are used, the target state is essentially a dual-state:
the target total window and the target total rate. Analysis of
this dual-state yields the following theorem. Due to space
constraints, the proof is placed in Appendix D.2.

Theorem 4.1. When both window and rate are used simul-
taneously in a CC, convergence is feasible only when the
window and rate are at the same ratio relative to the target
window and target rate, respectively.

Based on this theorem, we define the unified window ratio
as the ratio of a flow’s window to the target total window
as uw = w

Dtarget ·µ and unified rate ratio similarly as ur =
r
µ .

OSCAR employs the unified window ratio and unified rate
ratio to coordinate the two control loops. During updating,
OSCAR first calculates the ratio uw and ur through two control
loops (line 7, 8), then coordinates the ratios into the unified
ratio u (line 9-10), with the method of coordination to be
introduced later. Finally, OSCAR converts the unified ratio to
window and rate as w = u ·Dtarget · µ and r = u · µ, thereby
ensuring that window and rate are at the same ratio relative to
the target, respectively (line 12, 13). Note that OSCAR does
not set the window above the base BDP, as doing so would
not increase throughput but only increase delay (line 12).
Coordinate the two control loops. We derive the coordina-
tion approach based on the following two observations.

(i) It is impossible to always satisfy the target of both
loops simultaneously. For example, if the queue stabilizes
above the target while the ingress and line rates are equalized,
the <delay, window> loop suggests decelerating, whereas
the <delay gradient, rate> loop suggests maintaining the
current rate. To make proper decisions during conflicts,
OSCAR prioritizes the target of <delay, window> loop, i.e.,
stabilizing the queue length at the target queue length.
This is because setting the primary target as equalizing
the bottleneck’s ingress and line rates can lead to arbitrary
(including excessively high) convergence queue length [7,92],
which is undesirable. Consequently, OSCAR accelerates when
the observed delay falls below the target (line 9), and vice
versa (line 10).

(ii) Inaccuracies in delay and delay gradient only reduce
the signal magnitude when the bottleneck queue is not empty
or full. As shown in § 3.2, when flows are not window-
bounded, the magnitude of the delay is less than ∑w(t)

µ .
Similarly, when flows are not rate-bounded, the magnitude
of the delay gradient is less than ∑r(t)

µ − 1. Thus, control
based on imprecise delay and delay gradient will only result
in insufficient updates rather than overreactions or adverse
reactions. Therefore, OSCAR adopts the larger result of the
two loops when accelerating (line 9), and vice versa (line 10).
Control law when facing empty or full queue. An empty
queue indicates potential underutilization, and both delay and
delay gradient are imprecise in such a scenario. OSCAR em-
ploys a hyper increase strategy to boost the window and rate,
thereby creating a queue in this case. After each batched
estimation, OSCAR verifies whether the estimated delay
equals RT Tbase (in practice we compare the estimated delay
with RT Tbase + ε, where ε accounts for delay measurement
inaccuracy). If so, the utilization ratio is increased by UHAI . It
is worth noting that hyper increase is seldom triggered during
a OSCAR flow’s lifecycle, as OSCAR typically converges
rapidly to the target state. This will be further demonstrated in
Appendix C.3. OSCAR does not need specialized handling for
full queue scenarios. Because a full queue will cause a high
delay, promoting OSCAR significantly decelerates to reduce
the queue length. How OSCAR handles full queue scenarios
(packet loss or PFC) gracefully is detailed in Appendix A.1.
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OSCAR starts at line rate (u = 1), like most datacenter CCs.

4.3 Fairness of OSCAR
Fairness principles of MIMD-based CCs. Rather than
merely demonstrating the fairness of OSCAR, we prove two
principles, with adhering to, can ensure the fairness of MIMD-
based CC: (i) The MIMD operation is linear with respect to its
own state, (ii) An AI operation is executed subsequent to each
MIMD operation. The intuition is that MI is primarily used
for convergence. After converging, subsequent AI slightly
overutilizes the bandwidth, triggering MD to re-establish
convergence. This process will repeat as CC always performs
AI following MD. Thus, after convergence, CC enters the
AIMD cycle which ensures fairness. A similar method is first
utilized in ABC [40], while we provide the formalization and
theoretical proof of its underlying principles.

Due to space constraints, a graphical illustration and a
formal algebraic proof for these principles are placed in
Appendix D.3. The difference between these principles and
existing similar fairness analyses is discussed in Appendix B.
OSCAR’s approach to fairness. By adding a constant AI
term UAI after each MIMD operation (line 11 in Algorithm 2),
OSCAR ensures convergence to fairness. As OSCAR utilizes
MIMD to converge to the target, the subsequent AI will cause
the actual convergence point to be slightly higher than the
target, which is discussed in Appendix A.2.

4.4 Design Discussion
Advantages over Precise-INT-based CCs. OSCAR outper-
forms current precise-INT-based CCs in three aspects. (i)
OSCAR eliminates bandwidth occupation of lengthy INT head-
ers. (ii) OSCAR prevents oscillations caused by overreactions
in MIMD control. (iii) HPCC conservatively performs MI
once every 5 RTTs. OSCAR’s absence of overreactions and
assurance of fairness allows it to perform MI more frequently,
improving responsiveness to underutilization.
Advantages over θ-PowerTCP. θ-PowerTCP also uses delay
and delay gradient, but only achieve O(∆)-step convergence
(Appendix C.5). The core flaw of θ-PowerTCP lies in its
design premise that delay signals can not reflect network state
precisely during under-utilization, restricting it to using only
AI in such scenarios. Contrary to this premise, our analysis
shows the precise reflection is feasible (§ 3.2). OSCAR fully
exploits this precision, achieving O(1)-step convergence.
OSCAR is compatible with per-packet load balancing
(LB). Per-packet LB [21, 38] is becoming an increasingly
prevalent technique in LLM training to prevent flow collisions
[62]. However, existing sender-driven CCs struggle with
per-packet LB. Conventional CCs like DCQCN are over-
sensitive to single-path congestion signals, which could lead
to underutilization [62]. Meanwhile, precise-INT-based CCs
are fundamentally incompatible, as their txRate calculation
relies on consecutive INTs from the same port—a prerequisite
that per-packet LB violates. OSCAR overcomes these issues
with its batched estimator, which aggregates congestion

Algorithm
OSCAR

(w/o BE)
OSCAR
(w/ BE) DCQCN Swift HPCC PowerTCP

Overhead 34 52 46 104 92 159

Table 2: Calculation overhead (in CPU cycles) in DPDK.

information over a time period. This allows OSCAR to avoid
overreacting to congestion on a single path and maintain rapid
O(1)-step convergence even during events like link failures
(see Appendix A.3 for details).
Parameters. OSCAR has only four parameters, each with a
clear purpose, facilitating straightforward parameter tuning.
(i) Dtarget is the target delay. A higher Dtarget benefits
throughput-sensitive traffic, while a lower Dtarget benefits
latency-sensitive traffic. We recommend setting it to 1.5×
RT Tbase as a balance. (ii) τ serves as both the period for
the batch estimator and the update interval for OSCAR. We
set τ to half the base RTT to balance the responsiveness
and noise robustness. (iii) UHAI is set to 0.01 according to
parameter sensitivity experiments. (iv) UAI is used to ensure
fairness among flows. We recommend setting it to 0.001.
The rationale for Dtarget and UAI setting and an analysis of
tuning complexity is detailed in Appendix A.2. The parameter
sensitivity experiments are present in Appendix C.3.

Due to space constraints, the impact of reverse congestion
and discussion of RTT-fairness are placed in Appendix A.2.

5 Implementation
This section introduces our implementation of OSCAR in
DPDK and analyzes its overhead. We also discuss the
implementation of OSCAR on RDMA network cards (RNIC).
The testbed experiments are detailed in § 6.2.
DPDK implementation. We implement OSCAR and other
CCs for comparison in Linux 5.4.0 with DPDK [32] 25.03 and
GCC 8.4 at the highest optimization level. Since the NIC does
not support hardware timestamps, we utilized CPU’s Time
Stamp Counter to record the timestamps for RTT calculation.
Calculation overhead. We evaluate the calculation overhead
of each CC by executing it one million times and averaging
the results. As we compile at the highest optimization level,
all available CPU instruction optimizations are enabled. Table
2 displays the overhead in CPU cycles. OSCAR requires only
addition, product and comparison operations upon each ACK.
The batched estimator and rate update are triggered every
τ, which includes six division operations. Without batch
estimating (OSCAR w/o BE), it incurs a time overhead of 34
cycles, whereas with batch estimating activated (OSCAR w/
BE), it requires 52 cycles. The overhead of DCQCN averages
46 cycles per CNP or timer trigger, which is comparable
with OSCAR w/ BE. In contrast, HPCC needs 3+3p division
operations per ACK, where p is the number of hops. Pow-
erTCP needs 3+3p division operations and 3+3p product
operations per ACK. Setting p at 5, the typical data center
hop count, the overhead is 92 and 159 cycles for HPCC
and PowerTCP, respectively. In summary, the calculation
overhead of OSCAR is lower than that of most data center
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CCs, particularly precise-INT-based CC.
Discussion on RNIC implementation. The main challenge
of implementing CC on RNIC lies in the memory space and
timers [61]. OSCAR incurs 7 extra variables. By using 8B to
store ∑x2

i and ∑xiyi and 4B for other variables, OSCAR needs
an extra 36B of memory space. This is acceptable compared
to the overhead introduced by the existing RNIC implementa-
tion of DCQCN (~60B) [66]. Additionally, OSCAR does not
require extra timers, as the batched estimator is triggered by
timestamp comparison.

6 Evaluations
We comprehensively evaluate OSCAR through the testbed,
micro-benchmark simulations, and large-scale simulations.
Simulations are based on the ns-3 [3]. In the testbed, we aim
to evaluate OSCAR’s performance under actual hardware and
software fluctuations and OSCAR’s enhancements under dis-
tributed model training (training for short) workload. Micro-
benchmark simulations involve ablation studies to validate
OSCAR’s design choices. In the large-scale simulations,
we examine OSCAR’s benefits across diverse challenging
scenarios involving microbursts, and per-packet LB.

6.1 Setup
Comparisons and parameters. Our primary comparisons
are made against HPCC [61] and PowerTCP [7], two
precise-INT-based CCs. Additionally, we compare various
representative CCs, including θ-PowerTCP (the delay version
of PowerTCP), short-INT-based Poseidon [85], ECN-based
DCQCN [91], delay-based Swift [57], delay-gradient-based
TIMELY [70], and NDP [43], the representative receiver-
driven CC. The parameter settings for all these CCs are
consistent with the recommendations in the original papers.
OSCAR’s parameters align with § 4.4. To fairly compare the
performance differences caused by the convergence speeds
of OSCAR and HPCC, we also evaluate HPCC with the same
target as OSCAR, denoted as HPCC*.
Testbed setup. Our testbed consists of seven servers, each
of which is equipped with an Intel Xeon E5-2650 CPU
@2.20GHz, Mellanox ConnectX-5 or ConnectX-6 NICs, and
256GB RAM. Servers are interconnected via a Mellanox
SN2700 switch. The links are configured at 40 Gbps, with the
13.5 µs base RTT. As our switch does not support INT, we
are unable to compare HPCC and PowerTCP in the testbed.
Simulation workloads. In large-scale simulations, we focus
on three scenarios: long-tail, microburst, and training. (i)
In the long-tail scenario, we generate traffic using Cache
follower workloads [80]. (ii) In the microburst scenario,
we generate incast flows consisting of 32 randomly chosen
senders, each sending 450KB, alongside background flows
according to the Hadoop workload [80], which mainly
consists of small flows. (iii) In the training scenario, we
generate all-reduce traffic based on the ring algorithm, which
is used in data parallelism model training, and all-to-all traffic

for Mixture of Experts (MOE) training. The all-reduce traffic
is generated according to ResNet [47] and VGG [5] by Astra-
sim [78]. The all-to-all traffic is generated based on the expert
selection distribution and flow size as reported by [46].
Simulation topology. In the large-scale simulations of long-
tail and microburst workload, a fat-tree topology [10] with
320 hosts is adopted. The fat-tree topology consists of
five pods interconnected by 16 core switches, each pod
equipped with 4 aggregation switches, 4 edge switches, and
16 servers. We configure host-to-edge switch links at 100
Gbps and inter-switch links at 400 Gbps to establish a non-
blocking topology. In training scenarios, we employ a two-tier
topology consisting of 2 spine switches and 16 leaf switches,
each connected to 4 hosts, with all links being 200 Gbps,
following the prevalent practice of managing most training
traffic within two tiers [33, 75, 84]. Switch buffers are set
at 32MB, consistent with typical settings [4], and utilize
shared configurations with Priority Flow Control (PFC) and
dynamic threshold algorithms [27] enabled. Unless specified,
we use per-flow ECMP as the default. We also employ packet-
spraying as a typical per-packet LB.

6.2 Testbed Evaluation
OSCAR can converge to the target state rapidly. We
replicate the experiment shown in Figure 2 within the testbed
with one receiver and six senders. One sender transmits a
long flow, while the other five issue short flows starting at 1
ms and lasting 2 ms. As depicted in Figure 6a, the results
demonstrate that OSCAR traffic quickly converged to a fair
share upon the start and end of short flows.
OSCAR can converge to a fair allocation. As shown in
Figure 6b where six senders initiate flows at 100 ms intervals
and lasting 600 ms, OSCAR flows rapidly converge to fairness
upon flow arrival and departure.
OSCAR’s batched estimator precisely and robustly esti-
mates delay gradient. To assess the accuracy of the batched
estimator (§ 4.1), we conduct experiments with two senders
sending two flows. One flow consistently sends at 20 Gbps,
while another sends at 40 Gbps and 20 Gbps each for around
500 µs. Ideally, the first flow’s observed delay gradient
should be 0.5, 0, and -0.5, each lasting 500 µs. Figure 6c
shows that the delay gradients calculated by OSCAR accurately
reflect the network, and the Mean Squared Error (MSE)
is only 0.0058. In contrast, delay gradients calculated via
division and smoothed using an EWMA (weight = 0.2) show
considerable jitter due to the small denominator issue (§ 4.1.1),
with an MSE of 0.079, 13.4× worse than OSCAR.
OSCAR improves all-to-all operations. We generate all-to-
all traffic among six hosts, with flow sizes varying from 2
MB to 16 MB, and each is tested 100 times. The destination
is randomly selected using the expert selection distribution
in [46]. Figure 6d shows the FCT CDF for 8 MB all-
to-all. Benefiting from the quick and fair convergence,
OSCAR improves both average and tail FCT compared to
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Figure 8: Ablation study of reference selection.
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(b) OSCAR.
Figure 9: Microscopic view on congestion reation.

Swift and TIMELY. Figure 6e shows the average and 99th

percentile (99th tail) completion times for 2MB to 16MB all-
to-all operations. OSCAR outperforms Swift and TIMELY by
up to 19.6% and 93.9% in average completion times, and by
14.8% and 51.4% in tail completion times, respectively.

Due to space constraints, additional testbed evaluations are
placed in Appendix C.1. These evaluations reveal that Swift
and TIMELY can not converge rapidly and fairly in the same
environment, while a µs-level microscopic view evaluation of
OSCAR confirms it converges in O(1) steps.

6.3 Micro Benchmarks
Our micro-benchmark simulates microburst scenarios in a
Clos topology with multiple senders, 1 receiver, and 1
bottleneck port. The link bandwidth is set to 100 Gbps, and
the network’s round-trip time (RTT) is 12 µs to align with
typical data center networks.
OSCAR can achieve O(1)-step convergence. Figure 7 shows
the convergence time of the long flow after the microburst
ends. We vary the gap ∆ by changing the link bandwidth
and the number of short flows. The convergence time of
both OSCAR and HPCC is independent of ∆ (O(1)-step
convergence). However, OSCAR converges within around
25 µs , while HPCC takes around 80 µs as discussed in § 4.4.
OSCAR’s reference state selection can avoid fluctuations.
We validate the effectiveness of OSCAR’s reference state
selection on HPCC without its congestion signal smoothing
mechanism7 and observing the convergence of two HPCC
flows competing on a 100 Gbps port. As shown in Figure 7a,
with HPCC’s origin reference state selection, the two flows
fail to converge and fluctuate continuously. By enhancing
HPCC with OSCAR’s reference state selection , HPCC flows
converge to fair share stably, as depicted in Figure 7b.
OSCAR achieves stable convergence and minimal under-
utilization. Figure 9 shows the queue length and bottleneck

7HPCC’s congestion signal smoothing moderates the intensity of conges-
tion signals, masking fluctuations caused by overreactions.

bandwidth utilization. In the experiment, a long flow runs
on the bottleneck, and at 50 µs, two short flows, each
sized at 4 base BDP, emerge. As shown in Figure 8a,
HPCC* can converge the queue length to around 75 KB
(0.5× base BDP) but fluctuations in the queue length do
occur. After the microburst ends, HPCC* takes about 60
microseconds to converge, leading to underutilization. In
contrast, OSCAR accurately and smoothly converges the queue
to 75 KB and minimizes underutilization.

6.4 Large-scale Simulations
In long-tail workloads (CacheFollower), we categorize flows
into small (≤150KB, i.e., 1 base BDP), and larger (>150KB)
groups. In microburst scenarios, Hadoop traffic and incast
traffic are analyzed separately. Total in the figure represents
the average FCT slowdown for all flows.
OSCAR delivers comparable performance for small flows
and superior performance for larger flows compared to
precis-INT-based CCs. Overall, OSCAR outperform precis-
INT-based CCs. Figure 10a shows the FCT slowdown under
the CacheFollower workload at 80% load. For small flows,
OSCAR’s slowdown is 7.6% worse than HPCC, while 32.9%
and 4.9% better than HPCC* and PowerTCP, respectively.
For larger flows, OSCAR outperforms HPCC, HPCC*, and
PowerTCP by 62.2%, 13.9%, and 35.7%, respectively. Over-
all, OSCAR outperforms HPCC, HPCC*, and PowerTCP
by 48.1%, 18.6%, 30.0% on average, and 74.1%, 48.4%,
43.0% at tail. OSCAR also outperforms θ-PowerTCP and
Swift by 21.3% and 24.4% on average. Figure 11 provides a
detailed breakdown of FCT slowdown. OSCAR’s small flow
performance is comparable to HPCC, and its larger flow
performance is better than HPCC*. Across all flow sizes,
OSCAR outperforms HPCC* by 10%-42% on average.
OSCAR is compatible with per-packet LB. Figure 10b shows
the results with packet spraying. As detailed in Appendix A.3,
precise-INT-based CCs are not effective because of erroneous
congestion information calculations. Among all other CCs,
OSCAR shows a distinct advantage, outperforming PowerTCP,
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Figure 12: Normalized average com-
pletion time of collective communica-
tions.

Poseidon, DCQCN, and Swift by 17.5%, 18.4%, 76.0%, and
25.2% on average, respectively.

OSCAR effectively alleviates congestion from incast with-
out penalizing incast traffic. Figure 10c shows the results
under a mix of Hadoop traffic at 50% load and incast at
20% load. For incast traffic, OSCAR outperforms HPCC by
53.0%, demonstrating its ability to handle severe congestion
without overreaction. For Hadoop traffic, OSCAR is inferior
to HPCC, HPCC* and PowerTCP by 23.3%, 15.9% and
3.1% yet outperforms all other algorithms, demonstrating
that OSCAR effectively mitigates incast. Considering all flows,
OSCAR outperforms HPCC by 12.1% on average, and by
39.9% at tail. DCQCN fails to effectively control incast traffic
due to the lack of a window mechanism. With a fixed window,
it can effectively control incast as shown in Appendix C.6.

OSCAR effectively enhances model training performance
over state-of-the-art CCs. We evaluate model training
scenarios in a spine-leaf topology with 64 hosts, divided into
four groups performing identical collective operations. Figure
12 shows the collective operations’ average completion times
normalized by OSCAR’s completion times. For all-reduce
(ring) operations (ResNet/VGG), OSCAR is faster than HPCC
by 5.8%/4.0% and PowerTCP by 11.7%/7.8%. For all-to-
all operations, OSCAR surpasses HPCC and PowerTCP by
17.0% and 8.8%. Furthermore, unlike precise-INT-based
CCs that fail under packet spraying, OSCAR gains 11.2%
improvement from it for all-to-all operations. Across all
collective operations, OSCAR achieves a speedup of up to
8.8% and 27.8% over Poseidon and θ-PowerTCP.

OSCAR maintains its performance advantages in various
network environments, including lossy, oversubscribed,
large-scale incast, and non-symmetric topology. Due to
space limitations, other evaluations are detailed in Appendix
C. Here we highlight key findings: (i) In lossy networks
with microbursts, OSCAR’s performance is comparable with

lossless networks and surpasses HPCC by 4%. (ii) In
oversubscribed networks, we evaluate NDP [43], the state-
of-the-art receiver-driven CC. With a 2:1 oversubscription,
OSCAR with packet spraying outperforms NDP by 15%
for small flows and underperforms by 11% for large flows.
(iii) We also evaluate BFC, the state-of-the-art flow control
algorithm (FC), demonstrating that OSCAR and FCs can
cooperate to achieve better performance.

7 Discussion
Limitations. OSCAR cannot achieve max-min fairness in
multi-hop congestion like INT-based CCs [7,61,85] due to its
adoption of delay and delay gradient. These signals cannot
distinguish whether increases in signals arise from single or
multiple congestion points. This is detailed in Appendix A.2.
Related work. Most datacenter CCs are discussed in § 2.
OSCAR’s advantage over θ-PowerTCP is discussed in § 4.4.
A comprehensive discussion of other related works [15, 23,
24, 55, 68, 85, 88] is provided in Appendix B.
Future Work. The key insight and the techniques developed
to realize OSCAR can be extended to other domains. For in-
stance, by leveraging our finding that delay and delay gradient
can reflect network state at the precision comparable to INT,
the batched estimator (§ 4.1) can serve as a low-overhead,
readily deployable network monitoring tool alternative to INT-
based ones [17, 50, 93] for data centers lacking INT support.

8 Conclusion
We propose OSCAR, the first readily deployable CC achieving
O(1)-step convergence. OSCAR relies solely on end-to-end
congestion signals without reliance on specific network
features. Overhead analysis shows that it incurs lower
overhead than most of datacenter CCs. Testbed experiments
and large-scale simulations show that OSCAR can precisely
and rapidly converge to a fair target state under real-world
disturbances, and outperform state-of-the-art INT-based CCs.
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Appendix

Notation Description

∆ The gap between the current state and the target state.

d(t) Delay at time t.

g(t) Delay gradient at time t.

w(t) Window size at time t.

r(t) Rate at time t.

dq(t) Queuing delay at time t.

q(t) Queue length at time t.

i(t) Inflight size of time t.

λ(t) Arrival rate of a queue at time t.

µ Departure rate of a queue, which typically equals the line
rate.

RT Tbase Base RTT, i.e., RTT when there is no queue.

BDPbase Base BDP. i.e., line rate times base RTT.

Table 3: Notations used in OSCAR.

Notation Description Recommend

Dtarget Target delay. 1.5×RT Tbase

τ The period of the batched estimator. 0.5×RT Tbase

UAI Increase step to improve fairness. 0.001

UHAI Increase step to avoid underutlization. 0.01

Table 4: Parameters used in OSCAR.

A Supplemental Design Discussion

A.1 Additional Design Details
Solution of timestamp wrap-around in batched estimator.
OSCAR employs a 4-byte timestamp in nanoseconds, leading
to a wrap-around approximately every 4.3 seconds. To
address the issue, we employ a low-overhead approach that
records the highest bit of the latest received sendT s. A
transition of this bit from 1 to 0 indicates a wrap-around,
prompting the estimator to reset and start a new estimation
cycle. This technique adds only 1 bit of storage overhead and
introduces a maximum delay of τ in the estimation following
a wrap-around.
How OSCAR works with ACK coalescing. As mentioned
in § 4.1, OSCAR relies on ACKs to convey sendT s and
pktIn f l. In addition, OSCAR estimates the sending rate based
on the number of ACKs echoed. OSCAR can work with ACK
coalescing as these can be partially omitted or aggregated
at the receiver end. (i) sendT s is used for delay gradient
calculation. With ACK coalescing, OSCAR does not require
any special handling on sendT s, i.e., the receiver only needs to

piggyback the sendT s of the data packet triggering the ACK.
(ii) With ACK coalescing, the receiver needs to aggregate
pktIn f l and packet counts between two ACKs and include
them in the ACK. This way, ACK coalescing will not affect
the estimation of inflight and the sending rate. We modify
OSCAR in ns-3 to use only three pairs of timestamps for each
BLS computation (denoted as OSCAR-ACKC), simulating
the impact of ACK coalescing on OSCAR. According to the
experiments (Appendix C.5 and C.6), ACK coalescing has a
minimal impact on performance.
Handling full queue scenarios. When the queue is empty
or full, delay and delay gradient do not accurately reflect
congestion information. The handling of empty queue is
discussed in § 4.2. OSCAR does not specifically tackle full
queue scenarios, as the delay becomes very large under such
conditions, prompting OSCAR to rapidly reduce the window
size to alleviate the severe congestion. As shown in § 6.4,
OSCAR is effective in both lossless and lossy networks during
severe congestion. OSCAR is orthogonal to existing solutions
for severe congestion issues, such as head-of-line blocking
in Priority Flow Control (PFC) [89] and packet loss in lossy
networks [71].

A.2 Miscellaneous Detailed Discussion

Reverse congestion. RTT can be influenced by reverse
congestion, i.e., congestion on the ACK path. Our ex-
periments show that reverse congestion minimally impacts
OSCAR (Appendix C.6). OWD (one way delay) provides
a more accurate delay measure than RTT, as it eliminates
the impact of congestion on the ACK path. Precise OWD
necessitates sub-microsecond clock synchronization between
sender and receiver, which is achievable through the widely
supported [9,28,49] Precision Time Protocol [6] (PTP). In the
absence of hardware support for PTP, state-of-the-art software-
based clock synchronization algorithms [37, 60] can be used
to achieve nanosecond-level synchronization. Additionally,
prioritizing ACK packets can also prevent the impact of
reverse congestion on RTT [19, 43]. While OSCAR benefits
from existing methods that mitigate reverse congestion, it also
performs well independently, leveraging readily accessible
RTT as the congestion signal.
Selection of target. The target state for HPCC is 95%
utilization, i.e., an empty queue with the port egress rate
at 95% of the bandwidth. For PowerTCP, the target state is
a 100% utilization, i.e., an empty queue with the bandwith
fully utilized. These algorithms aim to deliver low latency
and high throughput, with minimal throughput loss (either 5%
or none). However, their zero-queue target state can lead to
severe under-utilization under dynamic network conditions.
Considering two flows converging to the target state, when
one flow finishes, CC requires at least an RTT control loop de-
lay to reconverge to the target state. Without a queue, half the
bandwidth will be wasted in the RTT. If a queue is maintained,
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CC
Alogrithm

Number of
Parameters

Parameters Controlling
Convergence State

Parameters Controlling
Fairness Convergence Speed

Paremeters for Avoiding
Underutlization

OSCAR 4 1: Dtarget 1: UAI 1: UHAI

DCQCN 9 3: Kmin,Kmax,Pmax 5: B,T,τ′,RAI ,g 6: B,T,τ′,RAI ,g,F

Swift 8 5: base_target, h̄, f s_max_cwnd, f s_min_cwnd, f s_range 3: ai,β,max_md f 1: ai

Poseidon 6 3: max_cwnd,min_cwnd,k 3: m,min_md,max_md 4: max_cwnd,min_cwnd,k,m

HPCC 3 1: η 1: WAI 2: WAI ,maxStage

PowerTCP 2 PowerTCP can not tune the target state. 2: β,γ 1: γ

Table 5: Comparison of the parameter counts of CCs.
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Figure 13: RTT-fairness evaluation.

the control delay will only reduce the queue length by half the
BDP, rather than underutilization. Therefore, OSCAR sets the
target state to half the BDP queue length (i.e., 1.5×RT Tbase
target delay) to avoid underutilization of bandwidth in the
aforementioned scenarios.
The impact of AI term in large-scale incast. OSCAR utilizes
a consistent AI operation followed by each MIMD operation
to ensure fairness. As the target of MIMD operations is
converging to the target, the subsequent AI will cause the
actual convergence point to be slightly higher than the target.
Our recommended setting for UAI is 0.001. Our experiments
have demonstrated that in large-scale incast scenarios, this
parameter only results in the convergence queue length
increase by less than 1 KB per flow (Appendix C.4).
RTT-fairness. OSCAR is designed for high-throughput and
low-latency data center networks. Consequently, akin to state-
of-the-art delay-based data center CCs [57], OSCAR is not
specifically designed for RTT fairness, i.e., OSCAR can not
ensure fairness when flows’ RTT has a significant difference.

We evaluate the RTT fairness of OSCAR through simulation
experiments. The experiment involves two flows with
disparate RTTs competing for a single bottleneck. The
short-RTT flow’s RTT is configured to 4 µs, whereas the
long-RTT flow’s RTT is varied from typical intra-datacenter
RTTs (~10 µs) to those observed between data centers
in different buildings (~100 µs, corresponding to ~10 km
distance between buildings). Figure 13 shows the converged
throughput ratio of the two flows. Our results indicate that
OSCAR achieves better RTT fairness compared to Swift. A
more comprehensive investigation into the RTT fairness of
OSCAR is reserved for future work.

Performance under multi-hop congestion. INT-based
CCs [7,61,85] can achieve max–min fairness under multi-hop
congestion. In contrast, OSCAR cannot as delay and delay-
gradient signals do not reveal whether an increase originates
from a single bottleneck or multiple bottlenecks. Nonetheless,
OSCAR does not cause starvation. We demonstrate this in a
100 Gbps line-rate parking-lot topology with three long-lived
flows, where Flow 3 shares one bottleneck with Flow 1 and
another with Flow 2, respectively. With OSCAR as the CC, the
achieved throughputs are 73.5 Gbps, 73.5 Gbps, and 25 Gbps
for Flows 1-3, respectively. Flow 3 is not starved, and both
bottlenecks remain fully utilized.
Cross-datacenter traffic. Inter-datacenter (inter-DC) commu-
nication is gaining increasing attention, driven by the growing
demand for model training and inference across datacenters.
Although OSCAR is not specifically designed for inter-DC
communication, it can be integrated with existing inter-DC
CC algorithms. Prior work on inter-DC CC [18, 81, 86]
typically leverages the combination of multiple congestion
signals, such as ECN and QCN [81], or combinations of
delay and ECN [18, 86]. OSCAR can be combined with QCN
or ECN, provided that a extended control-loop coordination
mechanism (e.g., Annulus-style coordination or extended
OSCAR’s own coordination mechanism) is used to ensure that
the delay and delay-gradient estimates remain accurate when
additional congestion signals take effect.
Parameter Count and Tuning Complexity. We argue that
for a CC algorithm, having fewer parameters is not neces-
sarily better. An ideal CC should provide an orthogonal
parameter for each of its key aspects, such as the convergence
target state, fairness convergence speed, and avoidance of link
underutilization. If an aspect lacks a parameter for tuning,
the algorithm may perform well only in its specific design
scenario but poorly in diverse network environments, thus
lacking flexibility. Conversely, if multiple parameters control
a single aspect, the coupling among them can make the tuning
process exceptionally complex.

OSCAR’s design adheres to this principle. As shown in
Table 5, OSCAR uses Dtarget to control its convergence state,
UAI to control the fairness convergence speed, and UHAI to
avoid underutilization. This orthogonality greatly simplifies

562    23rd USENIX Symposium on Networked Systems Design and Implementation USENIX Association



tuning. Compared to HPCC, OSCAR’s only additional parame-
ter, i.e., the BLS calculation period τ, has a well-tested default
value (half the base RTT) and low performance sensitivity
(Appendix C.3), making it not an issue in practice.

With only four parameters, OSCAR is tuning-friendly than
many industry-deployed CCs, such as DCQCN (9) [91] and
Swift (8) [57]. Thus, OSCAR’s design strikes a deliberate
balance, providing sufficient orthogonal “tuning knobs” for
flexibility and low complexity.

Challenges in extracting precise congestion information
from standard single-bit signal. By aggregating single-bit
feedback over time, an end host can effectively recover multi-
bit information about network conditions. This is evidenced
by ABC [40], where the sender aggregates ECN-based signals
precisely calculated and marked by switches to achieve rapid
rate adjustments.

However, with standard probabilistic ECN marking, the
achievable precision is fundamentally limited. Consider a
switch that applies linear-probability ECN marking over a
queue range of 100 KB–2 MB in a 200 Gbps network with
10 µs RTT and 10 flows sharing a bottleneck. With a 1500-
byte MTU and no ACK coalescing, a sender observes only
about 16 ACKs per RTT. Because marking is stochastic and
the sample size per RTT is small, estimating the instantaneous
queue length from the ECN-mark ratio within one RTT incurs
an expected error of about 200 KB—approximately one BDP
in this setting.

How often queues are non-empty. Delay and delay-gradient
signals are accurate only when the queue at the congestion
point is neither empty nor full. As detailed in Appendix
A.1, OSCAR handles full queue scenarios well. Below we
investigate how often queues are non-empty when using
OSCAR.

Because OSCAR drives the queue length to a target (a
shallow queue) in O(1) time, a queue is present for most
of time when bandwidth contention exists under OSCAR’s
operation. In large-scale experiments, it is difficult to directly
determine whether a port experiences bandwidth contention
and whether a queue forms under contention. We therefore
use a representative micro-benchmark to provide quantitative
evidence. We setup ten hosts as senders and one host as
the receiver under a ToR switch. The senders generate
traffic at 80% load according to a Poisson process and using
WebSearch trace. The ToR-to-receiver port is the bottleneck
and should see contention for 80% of the time. Benifiting
to OSCAR’s O(1)-step convergence, this port has a queue for
72.2% of the time with OSCAR as the CC, which is closed
to 80% theoretical bound. In contrast, with DCQCN, the
port has a queue for only 47.6% of the time. This is because
DCQCN increases its sending rate at only O(∆). After rate
backoff, the port remains underutilized for a long time.

A.3 Compatibility with Per-packet LB

Per-packet LB is widely adopted in AI training to prevent
flow collisions caused by per-flow ECMP. However, existing
sender-driven CCs typically struggle in this environment.

Classical AIMD-based CCs may suffer from under-
utilization. CCs like TIMELY and DCQCN are sensitive
to congestion signals on a single path [62]. Therefore,
congestion on a single path can trigger a significant rate
reduction. Moreover, they suffer from slow acceleration after
rate reduction, resulting in bandwidth underutilization.

To illustrate this issue, we follow the experimental setup
in [62]. The setup uses a spine-leaf topology with four spine
switches. We initiate four flows from four hosts under one leaf
switch to four hosts under another. All links have a bandwidth
of 100 Gbps, and packet spraying is employed as per-packet
LB. Ideally, the aggregate rate of the flows should be 400
Gbps. Between 300 µs and 500 µs, a downward port on one of
the spine switches experiences a failure, halving its bandwidth
to 50 Gbps. The results are presented in Figure 14. All tested
CCs’ parameters are aligned with the original paper.

As shown in Figure 14a and 14b, DCQCN and TIMELY
exhibit an excessive rate reduction immediately following the
link failure. After the failure is resolved, their rates recover
at a speed of O(∆), leading to severe under-throughput.
Figures 14c and 14d present the results for Swift and theta-
PowerTCP. They quickly converge the rate to half of the
aggregate bandwidth after the link failure. (Note that without
a dynamic bandwidth allocation scheme like adaptive routing
[38], half the bandwidth is the target state for an end-to-end
CC algorithm). When the failure ends, these algorithms are
also limited by an O(∆) step convergence speed, which results
in under-throughput.

Existing precise-INT-based CCs are fundamentally
incompatible with per-packet LB. The core of this issue
lies in their method for calculating port transmission rates
txRate, which relies on differencing the “transmitted byte”
(txByte) field from two consecutive INT headers. In a per-
packet LB network, packets are distributed across multiple
paths, causing sequential INT headers to record txByte of
different physical ports. As a result, the calculation of txRate
becomes entirely meaningless.

A potential solution to this incompatibility is to maintain
more state both in the INT header and the sender. In one such
scheme, the INT header needs to be augmented with a Port ID
to mark the source of the congestion information explicitly.
The sender could then store state for each port individually and
use sequential INT data from a port to calculate congestion
signals.

However, this approach is likely impractical due to its
prohibitive overhead.
(i) It significantly increases packet header size. Given that
modern large data centers can have more than 100,000 ports
[75], the Port ID field would require at least 3 bytes. For a
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Figure 14: Microscopic view of Non-INT-based CCs under Per-packet LB with a Link Failure (300 µs-500 µs).

typical 5-hop path, this results in 15 bytes of additional packet
header overhead. Note that the current pathID field in the
INT header is the XOR of all switch IDs along the path. It
is only used to detect path change, but can not identify the
ports the packet passes through in per-packet LB, where the
packet’s path is randomly selected at each hop [62] or selected
according to network state at each hop [38].
(ii) The sender must maintain a substantial amount of state
for each flow. Assuming a flow could be distributed across 40
ports (the potential passing port count for a flow in k = 8 fat-
tree), the required storage for just the telemetry state would
be on the order of 40 hops× (3-byte ID + 6-byte state) =
360 bytes per flow (in this case, both the T S and the txByte
fields must be stored). This is significantly larger than the
state required by existing CCs (around 60 bytes [66]).

OSCAR is compatible with per-packet load balancing
(LB). OSCAR’s batched estimator overcomes the limitations
mentioned above by aggregating congestion information
over a period of time. This design coincides with the
core principles of the state-of-the-art CC designed for per-
packet LB that aggregates congestion signals over a period
of time, preventing congestion signals from a single path
from impacting the CC’s decision. Figure 3e exhibits
OSCAR’s behavior during the link failure event. Upon both the
beginning and ending of the failure, OSCAR converges to the
target state in O(1) steps, which surpasses the performance
of other CC algorithms. This illustrates that OSCAR is
compatible with per-packet LB and maintains O(1)-step
convergence in such environments.

B Discussion of Related Works

Difference compared with XCP. XCP’s control logic is
performed on switches. Each switch first multiplicatively
calculates the total window adjustments, and then distributes
adjustments to all flows according to the AIMD principle.
This method achieves O(1)-step convergence and can ensure
fairness. However, XCP’s fairness mechanism is different
from OSCAR’s. In XCP, each flow receives an equal
increase share (AI) when accelerating and a decrease share
proportional to its window (MD) when decelerating. From
the perspective of flows, this is a variable-step-size AIMD
rather than MIMD, because although the increase step size
varies across different acceleration events, it is equal for all
flows within a single event. It is proven that variable-step-

size AIMD cannot achieve O(1)-step convergence through
end-to-end congestion signals (Observation 1.2 in § 3.1).
Difference of fairness principles (§ 4.3) compared with
fairness analysis of HPCC and PowerTCP. HPCC [61]
and PowerTCP [7] both employ additional AI operations to
achieve fairness. However, neither paper directly proves that
additional AI operations can guarantee fairness for multiple
flows at a single bottleneck. Instead, they first assume fair
convergence and then prove the relationship between AI
operations and bandwidth allocation at multiple bottlenecks
(namely, max-min fairness or proportional fairness). To the
best of our knowledge, we are the first to explicitly propose
and directly prove that additional AI operations can provide
fairness guarantees for sender-driven MIMD-based CCs.
Difference of fairness principles (§ 4.3) compared with
fairness analysis of Poseidon. Poseidon explores a fairness
principle beyond AIMD, which allows low-rate flows to ac-
celerate more significantly, while high-rate flows experience
smaller increases or even deceleration. The fairness analysis
of Poseidon is not covered by the fairness principles proposed
in this paper because its MIMD operations are not linear
relative to its own state.
Novelty compared with θ-PowerTCP. θ-PowerTCP has
the same control law as PowerTCP but uses delay and
delay gradient instead of INT. However, it overlooks the
relationship between the delay gradient and the bottleneck
arrival rates, assuming the bottleneck is always fully utilized.
Therefore, it dose not perform MI when the bandwidth is
underutilized, leading to a convergence rate of O(∆). Our
micro-bench simulation shows this limitation (Appendix
C.5). Moreover, its delay gradient calculation is inevitably
vulnerable to errors in real-world environments as it directly
uses division for calculation.
Discussion of ACC [88]. By leveraging the knowledge of
ACK time series, ACC could achieve O(1)-step convergence
when facing congestion in the lossless network. However,
compared with OSCAR, it still faces the issue of slow
(O(∆)-step) bandwidth reclaiming, a drawback stemming
from its reliance on the AI mechanism. Furthermore, its
rapid convergence property could be compromised in lossy
networks.
Internet CCs. Recent developments in Internet CC have
made significant progress, with many algorithms based on
delay or delay gradient [15, 23, 24, 68]. However, these CCs
rely on the AIMD and fail to achieve O(1)-step convergence.
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(a) Swift in convergence evaluation.
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(b) TIMELY in convergence
evaluation.
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(c) Swift in fairness evaluation.
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(d) TIMELY in fairness evaluation.

Figure 15: Supplemental testbed evaluations.

(a) Congestion starts. (b) Congestion ends.

Figure 16: Microscopic view of OSCAR in testbed.

OSCAR cannot be directly applied to the Internet, as the line
rate µ of the bottleneck is typically unknown, which will be
the focus of our future work.

C Supplemental Results

C.1 Supplemental Testbed Results
AIMD-based CC cannot quickly converge to the target
state. Figures 15a and 15b illustrate the convergence of Swift
and TIMELY on the testbed. The experimental setup is the
same as in Figure 6a, with three short flows starting at 1 ms
and lasting for 2 ms. Swift takes 3 ms to fully utilize the
bandwidth after the short flows end. TIMELY overreacts
during the appearance of the short flows.
OSCAR achieves more robust fairness than Swift and
TIMEY in the testbed. The experimental setups for Figures
15c and 15d are the same as in Figure 6b. It can be observed
that Swift cannot quickly converge to fairness. After a thor-
ough investigation, we discover that the issue stemmed from
our mixed use of ConnectX-5 and ConnectX-6 NICs, which
resulted in different base RTTs between flows. In OSCAR, the
delay gradient control loop facilitates fair convergence when
base RTTs vary. Meanwhile, TIMELY’s flows suffer from
overreaction, struggling to converge fairly. The observation
on TIMELY is aligned with that in PowerTCP’s paper [7].
Microscopic view of in testbed proves OSCAR can achieve
O(1)-step convergence. Figure 16 illustrates the detailed
behaviour of OSCAR in a testbed. In the experiment, a long
flow runs continuously while a short flow joins at 1 ms and
leaves at 6 ms. The figure shows OSCAR’s unified ratio u
around 150 µs during congestion starts and ends. As shown in
Figure 16a, at the start of congestion, the short flow converges

to the target state (u=0.5) in a single update, and the long
flow converges to the target state using two steps. Figure 16b
shows that, following the end of congestion, the long flow
converges to the target state (u = 1) in a single update.

C.2 Comparison with Flow Control

We also evaluate recent in-network flow-control (FC) algo-
rithms, such as BFC [41]. FCs are different from end-to-
end CCs, enabling faster congestion management via hop-
by-hop switch-based control. However, they are not readily
deployable because they require switch modifications. We
first briefly compare OSCAR against BFC in terms of stand-
alone performance and then examine whether OSCAR can be
integrated with BFC.

We use the same experimental setup as in §6, with traffic
generated by CacheFollower and WebSearch at 50% load, as
well as a mix of 15% incast and 30% Hadoop traffic. For
BFC, we evaluate two configurations: 32 queues (BFC-32)
and 128 queues (BFC-128), with parameters following the
paper [41]. For PFC, we set the same Xon/Xoff thresholds as
BFC to ensure a fair comparison.

Figure 17 shows the breakdown of FCT slowdown under
CacheFollower and WebSearch workloads. Compared to
OSCAR+PFC, BFC-32 degrades small-flow performance
but significantly improves large-flow performance. This is
because our workloads contain a large number of flows to
simulate the busy period of the network. Once the number of
concurrent flows on a port exceeds 32, BFC’s queue sharing
mechanism introduces head-of-line blocking for small flows.
BFC-128 markedly improves small-flow performance over
BFC-32, supporting our analysis. OSCAR can be combined
with BFC to mitigate head-of-line blocking. As shown
in Figure 17, OSCAR+BFC-32 achieves better small-flow
performance than BFC-128, while delivering comparable
performance for large flows. This is because, once congestion
occurs, OSCAR effectively reduces traffic injection at the host,
which lowers the frequency of BFC pauses.

Figure 18 shows the average and tail FCT slowdown under
three workloads. Here, Hadoop reports the FCT slowdown
of Hadoop flows under a mixed load of 15% incast and 30%
Hadoop flows. Under CacheFollower, OSCAR+PFC achieves
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(a) CacheFollower. (b) WebSearch.

Figure 17: Breakdown of FCT slowdown in various workload at 50% load.
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BFC.
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Figure 19: FCT slowdown under different parameters.

an 11% lower average FCT slowdown than BFC-32, whereas
under WebSearch it is 19% worse than BFC-32. This is
because the CacheFollower trace contains flows with smaller
size, leading to more concurrent flows and making BFC
more prone to head-of-line blocking. Under Hadoop+Incast,
OSCAR+PFC is 1.14× worse than BFC-32 because the incast
degree exceeds that PFC can sustain, causing severe head-
of-line blocking in PFC-enabled network, while BFC avoids
excessive blocking. When combining OSCAR with BFC, we
observe a significant reduction in FCT across workloads,
indicating that OSCAR can integrate with existing FCs to
further improve network performance. The largest gain
occurs under CacheFollower workload, where OSCAR+BFC-
32 reduces FCT slowdown by 41% and 48% compared to
OSCAR+PFC and BFC-32, respectively.

C.3 Parameter Sensitivity Analysis

Figure 19 demonstrates that OSCAR is not sensitive to the
selection of the parameters UAI ,UHAI and τ. The FCT for both
small and larger flows does not exhibit significant changes
with different parameter choices. The result indicates that
hyper increase is only used as a last resort in OSCAR, which
is seldom triggered. This is because OSCAR is capable of
maintaining the queue length stably at the target in the vast
majority of cases. As the target delay Dtarget increases, the
FCT for small flows increases, while the FCT for large flows
decreases. We have selected 18 µs, i.e., 1.5×RT Tbase as

a good balance. This result supports our discussion on the
selection of the target in Appendix A.2.

C.4 Large-scale Incast

OSCAR can handle large-scale incast gracefully. We evalu-
ate OSCAR’s performance in large-scale incast using a single
bottleneck topology in ns-3. The link bandwidth is set to
100 Gbps, with the base RTT setting to 12 µs. And the
parameters of OSCAR are aligned with § 4.4. All flows are
started randomly within one base RTT to transmit 600 KB
data. Figure 20a illustrates the queue length during a 200-
flow incast. Initially, the queue length rises to around 30
MB (equal to the sum of initial windows of 200 flows) and
then rapidly converges. Figure 20b shows the microscopic
view of the convergence of OSCAR in 200-flow incast. After
drainage of the queue length caused by the initial windows,
there is a brief oscillation, and then stable convergence. It is
notable that the convergence queue length (around 230 KB)
exceeds the target queue length (75 KB). This is due to the
influence of the AI operation, which will be discussed below.
Figure 20c shows the microscopic view of the convergence
of OSCAR in 1000-flow incast, which is similar to 200-flow
incast but has a larger convergence queue length (around 900
KB).
The step size of AI operation will influence the conver-
gence queue length in large-scale incast. As discussed
in Appendix A.1, the AI operations followed by MIMD
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(a) Queue length in
200-flow incast.

(b) Microscopic view of
200-flow incast.

(c) Microscopic view of
1000-flow incast.

(d) Influence of UAI to convergence
queue length.

Figure 20: OSCAR in large-scale incast.

(a) θ-PowerTCP. (b) OSCAR with ACK coalescing.

Figure 21: Supplemental microscopic view evaluations. Figure 22: Lossy evaluation.

operations will raise the actual queue convergence point.
Figure 20d illustrates the steady-state queue lengths under
different incast scale and UAI settings. To make results more
significant, we set UAI from 0.01 to 0.05 (our recommended
value is 0.001). It is notable that the queue length increases
linearly with both the incast scale and the UAI . Therefore, we
recommend setting the UAI to 0.001, which ensures fairness
while resulting in the steady-state queue length increase of
approximately 900 KB per 1000 flows (Figure 20c). As
shown in Appendix C.4, in large-scale incast, the increase
in queue length is linearly related to UAI and the number of
flows. Using the recommended UAI value of 0.001 results in a
steady-state queue length increase of 900KB per 1000 flows,
which is acceptable. In non-incast scenarios, the increase in
queue length due to UAI is negligible.

C.5 Supplemental Microscopic View Evalua-
tions

θ-PowerTCP needs O(∆) steps for convergence. Figure 21
replicates the experiment shown in Figure 9. As shown in
Figure 21a, θ-PowerTCP exhibits fluctuations during queue
convergence. After the micro-burst ends, θ-PowerTCP fails to
converge rapidly. θ-PowerTCP accelerates using AI, resulting
in O(∆)-step convergence.
ACK coalescing has minimal impact on OSCAR during
micro-burst. Figure 21b shows the reaction of OSCAR-
ACKC (OSCAR with ACK coalescing) to micro-burst. The
performance of OSCAR-ACKC is basically identical to
OSCAR without ACK coalescing (Figure 8b). It quickly
converges the queue to the target length following a micro-

burst and fully utilizes the bandwidth after the micro-burst
ends.

C.6 Supplemental Large-scale Simulations

OSCAR performs well under lossy environment. Figure 22
illustrates the performances of each algorithm under lossy
environment. Comparing to lossless environment, OSCAR and
HPCC suffer only a little performance decline due to well
queue length control, while the performance of DCQCN and
TIMELY is severely damaged.
OSCAR performs well under WebSearch workload, both
with per-flow ECMP and packet spraying. Figure 23a
shows the FCT slowdown under the WebSearch workload
at 80% load. For small flows under 150KB, OSCAR’s average
slowdown is only 2.6% worse than HPCC, and better than
all other algorithms, especially 27.0% and 4.4% better than
HPCC* and PowerTCP. For larger flows, OSCAR outperforms
HPCC and PowerTCP by 6.6% and 19.1% on average.
Overall, OSCAR outperforms HPCC, HPCC* by 2.7%, 16.1%
on average and 10.8%, 34.2% at tail, respectively. OSCAR is
better by 14.6% on average and inferior by 8.7% at tail than
PowerTCP. Figure 23b and Figure 23c repeat experiments
in Figure 23a and Figure 10c with packet spraying, respec-
tively. The results align with the analysis in Appendix A.1.
OSCAR outperforms all other CCs we compare under the
packet spraying network.
OSCAR performs well in oversubscribed network. For
experiments in over-subscription typologies, we adjust inter-
switch bandwidth to 200 Gbps and 100 Gbps for 2:1 and
4:1 over-subscription ratios, respectively. The workload is
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OSCAR HPCC HPCC* PowerTCP θ-PowerTCP Poseidon DCQCN Swift

(a) WebSearch at 80% load.
w/ per-flow ECMP

(b) WebSearch at 80% load
w/ packet spraying.

(c) Hadoop (50% load) + Incast (20% load)
w/ packet spraying.

Figure 23: Average and tail (99thpercentile) FCT slowdown under various workloads and different LB algorithms.

(a) 2:1 oversubscription evaluation. (b) 4:1 oversubscription evaluation.

Figure 24: Supplemental large-scale oversubscription evaluations.

WebSearch at 80% load. Under both oversubscription ratios,
OSCAR performs better than HPCC by 10% and 8%.

In this topology, we also evaluate the performance of NDP,
a receiver-driven CC based on packet spraying. To ensure
a fair comparison, we compare it against OSCAR configured
with packet spraying (OSCAR w/ spraying in Figure 24). With
a 2:1 oversubscription, OSCAR with spraying outperforms
NDP by 15% for small flows, though it underperforms by 11%
for large flows. At a 4:1 oversubscription, NDP experiences a
performance collapse due to its inability to handle in-network
congestion. In this case, OSCAR with spraying outperforms
NDP by 6.5×.
Reverse congestion has minimal impact on OSCAR. Figure
25 shows the performance of OSCAR and OSCAR-OWD, i.e.,
OSCAR one-way-delay instead of RTT. Reverse congestion
causes OSCAR to slow down, leading to increased FCT for
large flows, while small flows that complete within one RTT
benefit from reduced queue lengths. Under the CacheFollower
workload, OSCAR’s FCT for small flows is 7% better than
OSCAR-OWD, while the FCT for large flows is 10% worse
than OSCAR-OWD, resulting in an overall FCT that is 8%
worse. Under the Hadoop with incast workload, the overall
FCT, as well as the FCT for Hadoop and incast flows of
OSCAR and OSCAR-OWD, differ by less than 5%. Overall,
reverse congestion has only a slight impact on OSCAR.
ACK coalescing has minimal impact on OSCAR. Figure
25 shows the performance of OSCAR and OSCAR-ACKC,
i.e., OSCAR with ACK coalescing. Under the CacheFol-
lower workload, OSCAR-ACKC exhibits similar performance
compared to OSCAR with differences in small and larger,
and overall performance not exceeding 5%. Under the
Hadoop with incast workload, the network are more bursty.
Nevertheless, the FCT of Hadoop traffic in OSCAR-ACKC
is only 1.6% worse than that of OSCAR, with an overall

performance degradation of just 6.2%.

D Theoretical Analysis

D.1 Convergence Speed Analysis
We employ MacMahon’s master theorem [67] to demonstrate
the following theorem.

Theorem D.1. A CC that eliminates a ζ portion (ζ < 1) of
the current and target state gap ∆ in each update converges
in O(log 1

1−ζ

∆) steps.

Proof. Let S(∆) denote the number of steps required by this
CC to converge. S(∆) can be expressed as:

S(∆) =

{
1 ∆ < ε

S((1−ζ) ·∆)+1 otherwise

Here, ε represents a small quantity, and convergence is
considered achieved when the gap ∆ between the current state
and the target state is less than ε. By recursively applying the
above formula, it can be easily derived that:

S(∆) = S((1−ζ) ·∆)+1

= S((1−ζ)2 ·∆)+2
= · · ·
= S((1−ζ)n ·∆)+n

And the upper bound of n is given by:

(1−ζ)n ·∆ < ε

⇒n < log1−ζ

ε

∆
= log 1

1−ζ

∆

ε

Therefore, the CC needs O(log 1
1−ζ

∆) steps to converge.
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Figure 25: Supplemental comparison between CCs.

D.2 Dual-state Convergence Analysis
We employ dual-state convergence analysis to demonstrate
the following theorem.

Theorem D.2. When both window and rate are used simul-
taneously in a CC, convergence is feasible only when the
window and rate are at the same ratio relative to the target
window and target rate, respectively.

Proof. For n flows passing through the same bottleneck, each
with a window wi and rate ri and the target total window is
W , the target total rate is R, a reasonable assignment of ri and
wi should satisfy the following properties.
1. If two flows have the same wi, they should also have the

same ri, and vice versa.
2. The flow with larger wi should have a larger ri, and vice

versa.
3. If a set of wi satisfies ∑

n
i=1 wi =W , then the corresponding

ri should satisfy ∑
n
i=1 ri = R, and vice versa.

From Property 1, we deduce that there is a bijection between
wi and ri, namely, there exists a function f such that f (wi) =
ri. Consider an assignment w1,w2, ...,wn and r1,r2, ...,rn such
that ∑

n
i=1 wi = W and ∑

n
i=1 ri = R. The CC plans to modify

this by decreasing jth flow’s window by ∆w and increasing kth

flows window by ∆w, resulting in a new assignment w′i and r′i.
After the modification, the sum of windows remains constant
at ∑

n
i=1 w′i = W , implying that the sum of rates should also

be maintained at ∑
n
i=1 r′i = R, i.e., ∑

n
i=1 f (w′i) = R. Therefore,

we have f (w j)+ f (wk) = f (w′j)+ f (w′k). By rewriting the
equation, we have f (w j)− f (w j − ∆w) = f (wk + ∆w)−
f (wk). Assuming ∆w is infinitesimal and dividing both sides
by ∆w, we derive f (w j)− f (w j−∆w)

∆w = f (wk+∆w)− f (wk)
∆w , i.e., f

has the same derivative at w j and wk. Since w j and wk are
arbitrarily chosen, this indicates that the function f has a
consistent derivative across any point.

From Property 2, we can derive two boundary values for
the assignment. A flow with a window of zero should also
have a rate at zero, i.e., f (0) = 0. A flow at the target window
W corresponds to the target rate R, i.e., f (W ) = R. Therefore
we have f (wi) =

R·wi
W , which is a linear mapping of window

and rate. The derivation above is both sufficient and necessary,
meaning that f (wi) =

R·wi
W is the only function that satisfies

the three properties. Therefore, we have wi
W = ri

R , i.e., the
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Figure 26: MIMD with consistent AI converges to fairness.

window and rate are at the same ratio relative to the target
window and target rate, respectively.

D.3 Fairness of MIMD-based CC
Graphical proof. Figure 26 depicts the convergence of two
flows, with the horizontal and vertical axes indicating their
respective rates r1 and r2. The line defined by r1 = r2,
represents equal rates between the flows, termed the Fairness
line. The line r1 + r2 = µ represents the bandwidth is fully
utilized, and this line is called the Utilization line.

Initially, r1 is greater than r2, and the sum of r1 and r2 is
less than µ, i.e., the initial state S0 is neither fair nor fully
utilizing the bandwidth. Subsequently, the two flows move to
the Utilization line via the MI operation (S1). In the figure, the
linear MIMD operation moves state along the line connecting
the origin and the previous state, which is defined by r1

r2
=

r′1
r′2

where (r′1,r
′
2) represents the previous state. Linear MIMD

operation maintains fairness between the two flows, as the
ratio of their rates remains unchanged (Proposition D.1). After
the MI operation, both flows employ an AI operation, which
advances the state along a 45-degree line to S2. This operation
enhances the fairness (Proposition D.2) with a little overload.
Then the MD operation moves back the state to the Utilization
Line at S3. It can be observed that the state S3 is closer to
the Fairness line than S1. Subsequently, repeated AI and MD
operations continuously move the state closer to the Fairness
line, ultimately achieving fairness.
Formal algebraic proof. For the sake of brevity, our proof is
based on rate and assumes flows are synchronized. The proof
is also applicable to CC based on window or both window

USENIX Association 23rd USENIX Symposium on Networked Systems Design and Implementation    569



and rate. In the proof, we use ∑ as the abbreviation of ∑
n
i=0.

We define a state sequence beginning at state 0, where each
flow has an initial rate of ri(0), and the initial fairness is F(0).
After each operation, the state number increments by one.

Consider n flow with rate at r1(t),r2(t), ...,rn(t). The
fairness metric among these flows is defined as:

F(t) =
(∑ri(t))2

n∑ri(t)2

The fairness metric is always less than or equal to 1, with
values approaching 1 indicating greater fairness.

Proposition D.1. MIMD operation that is linear with respect
to its own state does not increase or decrease fairness between
flows.

Proof. A general MIMD operation can be expressed as r(t) =
r(t−1)γ ·β. For this lemma, we focus on the linear case where
γ = 1. Assuming an MIMD operation occurs at time t, the
fairness metric after the operation is

F(t) =
(∑ri(t))2

n∑ri(t)2 =
(∑ri(t−1) ·β)2

n∑(ri(t−1) ·β)2

=
(∑ri(t−1))2

n∑ri(t−1)2 = F(t−1)

Hence, the fairness remains unchanged after a linear MIMD
operation.

Proposition D.2. AI operation increases fairness between
flows.

Proof. An AI operation is expressed as r(t) = r(t− 1)+α.
Assuming an AI operation occurs at time t, the fairness metric
after the operation is

F(t) =
(∑ri(t))2

n∑ri(t)2 =
(∑(ri(t−1)+α))2

n∑(ri(t−1)+α)2

=
(∑ri(t−1))2 +2nα∑ri(t−1)+n2α2

n(∑ri(t−1)2 +2α∑ri(t−1)+nα2)

=
(∑ri(t−1))2 +2nα∑ri(t−1)+n2α2

n∑ri(t−1)2︸ ︷︷ ︸
F(t−1)

+2nα∑ri(t−1)+n2
α

2︸ ︷︷ ︸
last two terms are the same

≥ F(t−1)

The equation holds as an equality if and only if F(t− 1) =
1.Hence, the fairness are increased after an AI operation.

Theorem D.3. MIMD-based CC converges to fairness if the
following conditions are met. (1) The MIMD operation is
linear with respect to its own state, (2) An AI operation is
executed subsequent to each MIMD operation.

Proof. Record the fairness metric F(t) after each operation
to form a sequence (F(t))∞

t=0. Demonstrating that a CC
converges to fairness is proving that this sequence converges
to 1.

We first prove the sequence (F(t))∞
t=0 converges. In

the sequence where each MIMD operation is followed by
an AI operation, the odd-numbered terms in the sequence
correspond to the results after the MIMD operations, and
even-numbered terms correspond to AI operations. Therefore
we have {

F(t) = F(t−1) if t is odd
F(t)≥ F(t−1) if t is even

Consequently, the sequence (F(t))∞
t=0 is monotonically in-

creasing and bounded above by 1, leading to the conclusion
that it converges.

Next we prove the sequence (F(t))∞
t=0 converges to 1

by examining its even-indexed subsequence, denoted as
(F(t))t=even. For this subsequence, the difference F(t)−1 is
given by:

F(t)−1 =
(∑ri(t−1))2−n∑ri(t−1)2

n∑ri(t−1)2 +2nα∑ri(t−1)+n2α2

= (F(t−1)−1) · n∑ri(t−1)2 +2nα∑ri(t−1)+n2α2

n∑ri(t−1)2

By denoting the last term to k(t) and noting that F(t−1) =
F(t−2) if t is even, we have

F(t)−1 = (F(t−2)−1) · k(t)
where 0 < k(t)< 1 and t is an even number

Thus, for even t, the difference F(t)−1 can be expressed as:

F(t)−1 = (F(0)−1) ·
t

∏
j=2& j∈Even

k( j)

Since 0 < k(t) < 1, the product of k(t) converges to 0 as
t → ∞, leading to F(t)− 1 converging to 0. Therefore
the converged sequence (F (t))∞t=0 converges to 1 as its
subsequence (F(t))t=even converges to 1.

This theorem can be interpreted from two perspectives.
(i) Linear MIMD does not compromise fairness, and AI
can improve fairness. Therefore, fairness is attainable with
adequate AI operations across the flow lifecycle, which is
guaranteed by Condition 2. (ii) Regardless of the initial
states of multiple flows, they first achieve full bandwidth
utilization via MI and AI, subsequently entering a cycle of AI
and MD. This cycle exhibits convergence properties akin to
the traditional AIMD algorithm.
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