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Abstract

The size and communication patterns of modern ML training work-
loads place significant strain on datacenter fabrics. When band-
width demand exceeds capacity, flows experience slowdowns and
iteration time grows larger. Fine-grained load-balancing such as
packet spraying cannot fully resolve this issue, yet it can shift the
bottleneck from individual links to groups of links partitioning the
network. In this work, we present Ampel: a system to schedule ML
training flows at the network cuts. It leverages packet-spraying’s
ability to spread traffic evenly across all available paths to simplify
the view of the topology into one only containing potential bottle-
necks, and then bridges this new simplified model with past work
on coflow scheduling. Our simulated experiments show that Ampel
can reduce average training iteration time by up to 18% compared
to state-of-the-art ML schedulers.
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1 Introduction

Large-scale distributed machine learning (ML) has emerged as a
dominant workload in modern clusters, with training jobs spanning
hundreds to thousands of GPUs . These workloads exhibit a dis-
tinct communication pattern: high-volume, synchronized, and with
network-wide traffic bursts, where large collectives must complete
before computation can proceed [14, 29, 32]. As a result, network
performance directly determines overall training efficiency.

A central challenge in such environments is bandwidth con-
tention under overdemand: when GPUs attempt to inject traffic
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at a higher rate than the network can handle. Overdemand arises
naturally in ML clusters due to a combination of factors: reduced
capacity stemming from intentional oversubscription in network
cores [14, 29], failures, or link degradations [29]; and increased
demands originating from job fragmentation and heavier and wider
collectives (e.g., AllToAll(v)) [8, 22, 27].

Given that overdemand is common in practice, an important
question is how to mitigate its impact. Recent works advocate
scheduling approaches to reduce contention between ML jobs. Sys-
tems such as CASSINI [32] and Crux [9] stagger job execution or
assign priorities and paths based on workload characteristics to
improve flow completion times. While useful, these approaches
share a fundamental limitation: they rely on a link-centric model of
contention, assuming bottlenecks arise at specific paths or links. Yet,
modern fabrics increasingly rely on fine-grained multipath load
balancing, such as packet spraying [3, 5, 25], to spread the load
across all paths.

In this paper, we argue that scheduling for ML jobs must be re-
thought in the packet-spraying era. Our key insight is that packet
spraying has fundamentally changed how contention manifests:
instead of being localized to individual links, bottlenecks arise at sets
of links which partition the network. Overdemand will therefore
occur when the total demand crossing a network cut exceeds its
capacity, making cuts the ideal abstraction to focus on. Via this
insight, we reframe how a scheduling approach should act: instead
of having to gauge the demand on every single link and the path
taken by each flow, one must only consider which flows cross
which oversubscribed network cuts and how to allocate bandwidth
to them, which is remarkably simpler.

To formulate the scheduling problem, we observe the tight de-
pendencies of ML computation on collective sets of flows, and thus
build upon the coflow abstraction [11], which can capture this. We
introduce the Network Cut Coflow Scheduling (NCCS) problem
as a variation of classical coflow scheduling, and present Ampel,
a dynamic scheduling system for ML workloads to tackle it in a
realistic setting. It operates in epochs and performs four steps: (i)
identifying oversubscribed network cuts, (ii) tracking active coflows
and their demands, (iii) ranking coflows by applying coflow schedul-
ing at the network cuts (rather than at the NICs), and (iv) scheduling
coflows while ensuring that their aggregate demand fits within the
available cut capacity.

We evaluate Ampel through simulations with realistic ML traces.
By avoiding overfilling bottleneck cuts, Ampel reduces congestion,
improves network utilization, and allows scheduling decisions to
adapt dynamically over time. Our results show that Ampel improves
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Figure 1: Packet trims over time by 16 aggregation switches (grouped by pod) in a Fat Tree. Under packet spraying, switches in

the same pod display identical congestion patterns due to the even traffic spread. As a result, bottlenecks will not be localized

to individual links, but to the set of links connecting partitions of the network.

job iteration time from 3% to 18% in oversubscribed scenarios com-
pared to Crux, by better matching admitted demand to available
cut capacity.

In summary, this paper makes the following contributions:

• We identify network cuts as the right abstraction for reasoning
about overdemand in packet-spraying ML networks.

• We formulate ML scheduling as a network-cut-aware coflow
scheduling problem.

• We design Ampel, a practical dynamic scheduler that schedules
coflows based on cut capacity and enforces decisions using light-
weight priorities.

• We evaluate Ampel on realistic traces, showing it improves itera-
tion time in oversubscribed network conditions.

This work does not raise any ethical issues.

2 Motivation

This section characterizes bandwidth contention in ML clusters, its
root causes, and how related work addresses them.

2.1 Bandwidth Contention in ML-Clusters

Compared to more traditional workloads, bandwidth contention for
ML training traffic differs significantly in terms of its periodicity,
intensity, and synchronicity [14, 29].

ML flows are high volume. Compared to traditional cloud com-
puting, GPUs running ML workloads engage in fewer and less
varied connections, but with higher bandwidth demands [14, 29].
Devices frequently transmit data at line rate, reaching speeds of up
to 800 Gbps [5]. To sustain such throughput and minimize flow com-
pletion times, these deployments rely on fast RDMA-based trans-
ports such as Infiniband, RoCEv2 and Ultra-Ethernet (UET) [3, 16].

ML flows are synchronized. Large models often rely on multi-
ple forms of parallelism—such as data, pipeline, tensor, and expert
parallelism [18, 21, 28, 34, 37, 38]. These require frequent collective
communication phases to exchange gradients and model states.
Since these phases are typically synchronized across tens or hun-
dreds of GPUs, many high-bandwidth flows are injected into the

network simultaneously. This wide traffic surge places significant
pressure on the fabric and can lead to severe bandwidth contention.

ML flows compete network-wide. Recent measurement studies
[15] show that congestion in RDMA-based AI training fabrics is
not only intense and highly synchronized, but also shifting deeper
into the network. Congestion is no longer confined to network
edge; instead, backpressure can propagate upstream and often man-
ifests in the network core, fundamentally changing where and how
contention emerges.

2.2 Understanding Overdemand
Congestion is the result of traffic being injected into network links
at a higher rate than they can handle. Congestion Control tackles
this problem by rate-limiting the flows to reduce buffer buildups
and packet drops. Yet, it does not address the root cause of the
issue, which we call overdemand: when the sum of the desired rates
(mainly the line rates) of all flows crossing a link or set of links
exceeds the available capacity.

Overdemand on individual links may be the result of poor load-
balancing (LB): an asymmetric spread of flows can result in greater
strain for certain paths—this is common with coarse-grained LB.
Recent transports such as UET [3, 7, 20] and MRC [5] try to miti-
gate this by spraying packets across all available paths to maximize
bandwidth utilization. Packet Spraying is a very fine-grained form
of LB where paths are chosen per-packet, and it results in a very
even spread of traffic. We observe this in the simulated experiments
shown in Fig. 1, where the congestion patterns experienced by ag-
gregation switches within the same pod are identical to each other
when using packet spraying. This even spread is more effective;
yet, no LB approach can neutralize overdemand when it arises at a
cut of the network, i.e., the demand from the subgraph containing
the traffic sources to that containing the destinations exceeds the
capacity of the links connecting the two. Multiple factors can con-
tribute to this issue, due to either a lowered capacity or an increased
demand.

Reduced capacity.While the ideal practice for dedicated ML train-
ing is to build Full-Bisection Bandwidth networks [27], this can be
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expensive at scale [40, 41]. As a result, some infrastructure providers
opt for oversubscription [14, 29], generally placed closer to the net-
work core to minimize its impact on congestion. However, with
large job sizes, avoiding these oversubscribed regions entirely is
challenging.

Additionally, failures and link degradation may also contribute
to overdemand by reducing network capacity. For example, Alibaba
reports 5K–60K link-flapping events per day introducing temporary
performance degradation [29]. Such concerns motivate recent work
on failure-aware transport, failover, and resilient multipath routing
for datacenter networks [6, 7, 19]. The core issue is not asymmetry,
which is handled by adaptive multipath mechanisms [7], but rather
the transient overdemand that can ensue from the reduced capacity.

Increased demand. Collective Communication Libraries (CCLs)
typically prioritize locality when constructing collectives, reducing
hop count and latency. In principle, this approach should avoid the
oversubscribed regions commonly found in the network core. Yet,
in practice, locality can be difficult to achieve. The scale of modern
ML workloads in multi-tenant clusters can result in job fragmenta-
tion [26, 30, 42]. Expert parallelism further exacerbates this, as its
dynamic and fine-grained patterns make it even harder to mitigate
contention through job placement or collocation alone [22].

2.3 Related Work

There are a number of strategies available to avoid and mitigate
the effects of overdemand in large ML-training networks. As dis-
cussed earlier, traditional congestion control-based approaches slow
down the senders involved in an episode of overdemand to mini-
mize congestion and packet drops. This is not the most desirable
outcome, as the slowdowns of these jobs in their communication
phases can quickly add up and increase iteration time. Another
available strategy is to produce these flows in a way that minimizes
contention in the network via worker placement and deciding how
these workers communicate. These considerations are often made
by CCLs like [2, 10, 17, 23, 24, 35] . We consider these mechanisms
orthogonal to our work—while they minimize overdemand, they
are not able to completely eliminate it.

Recent works like [9, 32, 33] have observed that since ML flows
are periodic and bursty, there is an opportunity to stagger the peri-
ods in which each participating flow injects traffic into the network.
This is possible because not all participating flows need to complete
at the same time in order for compute to make progress. This is
especially true when the over-demand is created by competing
jobs and different collectives that might not be dependent on each
other—and therefore do not have to use the network at the same
time.

CASSINI [32] staggers the start time of jobs in order to minimize
the likelihood that they will create overdemand. It does so by pro-
filing the ML jobs, and then computing their respective offsets to
minimize the overlap in their communication phases. This strategy
relies on ML jobs being predictable. However, this is not always
true. As we show in Fig. 2, periods of contention can change how an
ML job uses the network, limiting the efficacy of a job offset-based
approach for minimizing traffic synchronicity.

An alternate strategy is utilizing priorities instead of fixed offsets.
Priorities are more dynamic in nature (they can be changed on the
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Figure 2: A training job’s communication patterns may be

affected when sharing the network with other jobs, hurting

assumptions based on periodicity.

fly) and can effectively stagger the times at which periodic traffic is
injected into the network. Intuitively, this works by giving strict
priority to some flows over others, thus allowing only a subset
of the flows to use the link capacity at a given time. Once the
higher priority flows have completed, the lower priority flows can
utilize the network capacity. Systems like Crux [9] utilize such
mechanisms and use the GPU intensity of a job to determine its
priority. However, as we will show in §5, these static priorities are
not always optimal and can create starvation for some jobs. Finally,
both Crux and CASSINI are designed to work over a single path,
while modern load balancing approaches like packet spraying use
multiple paths and create overdemand over entire network cuts
rather than single links.

3 Scheduling at the Cut

In this section, we present a new model for scheduling to address
the shortcomings of other approaches. We highlight properties of
fine-grained load-balancing/multi-pathing techniques that enable
us to shift our focus to oversubscribed network cuts, and introduce
a new abstraction to capture this behavior (§3.1). We then describe
how existing flow scheduling techniques map to our model, and
select coflow scheduling as the closest formulation to our problem
(§3.2).

3.1 Focusing on the Bottlenecks

We present a model that simplifies our view of the network into
one that only captures potential bottlenecks.

Packet spraying spreads flows over cuts. Our core insight lies
in packet spraying’s ability to utilize all available paths to a desti-
nation simultaneously: for example, in a 3-layer Fat-Tree (Fig. 3a),
a flow being sent from one pod to another will utilize all uplinks
from source pod to the core, and all downlinks from the core to
destination pod. Therefore, the available outgoing (or incoming)
capacity for all flows leaving (or entering) a certain network region
is equal to the capacity of the cut partitioning it—in the example,
if we partition a pod from the rest of the topology, the available
capacity is that of two top-layer links.

Bottlenecks arise at oversubscribed cuts.Due to this property of
packet spraying, when the graph is partitioned into two subgraphs
(one with sources and one with destinations), no individual link
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Figure 3: The even traffic spread given by packet spraying simplifies our view of the network from (a) into (b).

can become a bottleneck if the edge cut between them has multiple
links (Fig. 1b), as long as all links in the cut can be used by all flows.
Thus, instead of links, we compute demand over entire cuts. If a
network cut is not oversubscribed, it will not see overdemand (with
ideal packet spraying). Hence, to identify potential bottlenecks, we
only need to look at oversubscribed network cuts.

The number of relevant cuts can be reduced. In this work, we
focus on Fat Tree topologies with an oversubscribed core layer (and
discuss more in §6). Such networks provide an intuitive way to re-
duce the number of relevant cuts, due to their hierarchical structure:
we must only select, for each pod, the set of links connecting it to
the core. This effectively makes each set of uplinks equivalent to a
single big link, each pod equivalent to a single big node, and the
core routers equivalent to a single big switch, as shown in Fig. 3b.
Incidentally, this abstraction resembles the big-switch model often
seen in scheduling literature.

The abstraction simplifies scheduling. This view of the topology
results in a remarkable simplification of the scheduling problem:
instead of tracking the usage of each individual link in the entire
network and the path taken by each flow, our optimization lies
simply in tracking the demand from and to each pod. Consequently,
the scheduling algorithm is absolved from having to make routing
decisions or trying to approximate a multi-commodity flow prob-
lem, and only needs to choose which flows are admitted on each
big link.

3.2 Defining the Scheduling Problem

We have simplified the setting that scheduling will take place in,
and now seek the most appropriate approach to schedule ML flows.
Our high-level objective is to minimize the time it takes for GPUs
to get back to compute work, instead of idly waiting for the com-
munication phase to complete.

MLneeds bulk synchronization. In selecting the branch of sched-
uling theory that most closely approximates our problem, our key
insight was the need of ML models to perform bulk synchroniza-
tion. This need is well captured by the coflow abstraction [11]: a
coflow is defined as a set of flows sharing the same downstream
dependency, which can’t resume until all flows in the coflow have
terminated; hence, the collective performance of all the flows in
the coflow is more important than that of the individual flows.

Coflow scheduling is dynamic and flexible. Coflow scheduling
has been extensively studied [4, 12, 13] where the objective is to
minimize the average Coflow Completion Time (CCT, defined as the
span of time from the start of its earliest flow to the end of its latest
one) or to enforce completion within a certain deadline. Unlike the
works on ML scheduling described in §2.3, coflow schedulers tend
to be highly dynamic and are capable of reacting to the current
flow demands. Additionally, determining what constitutes a coflow
is also quite flexible; for example, in ML training, a coflow could
contain just the flows within a given collective, but also all the
flows involved in a job’s entire training iteration.

We perform coflow scheduling over network cuts. These prop-
erties make coflow scheduling an appealing theoretical framework
for our problem, which we dub the Network Cut Coflow Schedul-
ing (NCCS) problem. We formally describe it in Appendix A.1 and
prove its NP-hardness.

Coflow scheduling has the benefit of having a wealth of literature
trying to approximate its optimal solution.We therefore choose it as
a starting point for our algorithm: we canmake use of existing coflow
scheduling techniques, but rather than using the coflows queued at
each NIC/host as their input (like prior work [4, 12, 13, 39]), we
instead use the coflows queued at each oversubscribed cut. This
constitutes step 3 in Ampel’s algorithm (§4.1).

However, note that subtle but important differences separate us
from a pure application of a coflow scheduler. Namely, the capacity
of a network cut can be much greater than each NIC’s line rate, and
we can schedule multiple flows on each one. This is conveyed by
step 4 in Ampel’s algorithm (§4.1).

4 Ampel

We design Ampel to tackle NCCS in a realistic setting. First, we
outline an algorithm to bridge the gap between coflow scheduling
and our new abstraction (§4.1). Then, we discuss how to integrate
this in a real network (§4.2).

4.1 Algorithm

We propose a centralized algorithm to tackle the NCCS problem. In
Fig. 4 shows an example of a Fat Tree of 4 pods with 4 GPUs each,
and OS 2:1 at the core. It proceeds in 4 steps:

(1) Identify all oversubscribed network cuts. When computing cut
capacity, the controller must be aware of the network’s default
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Step (2)

Coflow A

0→5: 𝑑1
1→9: 𝑑2

Coflow B

2→7: 𝑑3
Coflow C

14→8: 𝑑4

Step (3)

A > B > C

(a) Identify and rank coflows.

Step (4)

Core

Pod0 Pod1 Pod2 Pod3

IN:
OUT:

IN:
OUT:

IN:
OUT:

IN:
OUT:

(b) Schedule coflow A.

Step (4)

Core

Pod0 Pod1 Pod2 Pod3

IN:
OUT:

IN:
OUT:

IN:
OUT:

IN:
OUT:

(c) Skip B and schedule C.

Figure 4: Overview of Ampel’s scheduling algorithm.

structure and, if possible, of failures and link degradation. In
the example, we take 4 cuts: the 2 links connecting each pod to
the core.

(2) Identify all active coflows containing flows crossing any over-
subscribed cuts, and the amount of data each device wants to
send to each other device as part of that coflow. In Fig. 4a, we
have 3 coflows. For example, coflow B wants GPU 2 (in pod 0)
to send 𝑑3 bytes to GPU 7 (in pod 1).

(3) Execute a coflow scheduling algorithm that ranks the coflows,
using the network cuts rather than the NICs as the ports in the
big switch model. This step is open-ended: the algorithm may
be something as simple as “least bytes remaining” as well as
something complex such as Varys [13] or Sincronia [4]. The
operator may further customize it depending on the metric they
want to optimize (e.g. fairness, GPU intensity, etc.).

(4) Iterate coflows in the order given by step 3 and greedily allocate
bandwidth on the cuts to them based on their individual (src, dst)
pairs. The amount of data to send is ignored: we only consider
the bandwidth demand, i.e., the line rate. If all cuts still have
capacity to support all pairs in the current coflow, schedule
that coflow and reduce the cuts’ capacity accordingly; else,
do not schedule the coflow. In the example, the demands of
unscheduled coflows are shown with dashed lines. Coflow B is
skipped due to insufficient outgoing capacity from Pod 0.

Note that we may also include the incoming/outgoing links at
the NICs as oversubscribed cuts. This can be useful if a single NIC
is involved in multiple coflows: for example, if we group flows into
coflows by their collective ID, and individual GPUs are performing
multiple collectives simultaneously.

4.2 System Design

As in prior work on coflow scheduling, Ampel’s decisions are made
centrally by a controller, which runs the algorithm every “epoch”.
We assume each host knows which coflow (e.g. a global coflow ID)
each flow belongs to, and that it can estimate how much data it
will send towards each destination as part of that coflow. We do not
assume that any host (nor the controller) can map a given coflow
ID to all its constituent flows, as many of these might not have
started yet.

Hosts must inform the controller each time a new coflow starts,
so that the scheduling algorithm may include it during the next
epoch. They should also update the controller on the remaining data

to be sent for each coflow. Once the scheduling step is completed,
the controller tells the hosts whether each of their coflows has been
scheduled. The scheduling is enforced via network priorities. Only
two priority queues are necessary for this: one for flows within
scheduled coflows, and another one (of lower priority) for all other
flows.

5 Evaluation

We evaluate Ampel against a baseline without scheduling and Crux,
a state-of-the-art ML scheduler. Our preliminary evaluation demon-
strates that network-cut-aware scheduling can indeed improve ML
job performance under overdemand.

Simulation setup.We run our experiments on htsim [31], a packet-
level simulator for datacenter networks, and use real LLM traces
collected via ATLAHS [36], which records computation and com-
munication operations, including their dependencies. We simulate a
network that uses packet spraying, as defined by the Ultra-Ethernet
stack [3], with trimming enabled and sender-driven NSCC. Load bal-
ancing uses Mixed-REPS, combining the REPS [7] and bitmap [20]
approaches. The topology is a 3-layer Fat-Tree with 8 pods, 128
nodes, and 200Gbps links. Depending on the experiment, each
switch port uses either two or three priority queues: the top-priority
queue is reserved for trimmed (“header-only”) packets, while 1 or 2
additional other queues are for data traffic.

Different approaches. The baseline has no prioritization, hence
requiring one additional priority queue. For Ampel and Crux, the
buffer capacity is split into two additional priority queues, keeping
the total capacity constant. In Ampel, these correspond to scheduled
(medium-priority queue) and unscheduled (low-priority queue)
traffic. Ampel’s coflow granularity is set to job-level (i.e., flows with
the same job-id are one coflow). Ampel’s controller epochs are set
to 5 ms; it uses Sincronia’s (BSSI) algorithm [4] to rank coflows
(step 3 in §4.1). Crux is implemented without path selection, as we
use packet spraying; its priority compression step assumes flows to
collide if they traverse the same network cut.

Workloads. In this experiment, we consider 8 Llama7B jobs run-
ning for two iterations. Each job is assigned 16 GPUs and uses a
ZeRO-1 parallelism strategy. Each iteration consists of 98 AllGather
and 98 ReduceScatter collectives of varying tensor sizes. Each col-
lective is shaped as 4 parallel inter-host rings: one between all GPUs
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in rank 0 (i.e., one per host, four in total), another between all GPUs
in rank 1, and so on.

The traces were collected from real AI workloads run on the Alps
supercomputing cluster [1], where each host contained 4 GPUs and
4 NICs (one per GPU). In our simulation setup, each compute device
represents 1 GPU/NIC, with GPUs belonging to the same host being
placed under the same ToR. To capture job fragmentation (§2.2), we
randomize the host placement while preserving intra-host locality.

Preliminary results. Fig. 5 displays the average completion time
of the 8 jobs for all three approaches given various degrees of
oversubscription at the core layer, as well as a scenario with 18 core
layer link failures. Under no oversubscription (1:1), all approaches
perform similarly as no overdemand exists, hence no benefit in
prioritization. By introducing oversubscription at the top layer,
the links connecting each pod to the core become bottlenecks. As
oversubscription increases, Ampel consistently achieves the lowest
iteration time, ranging from 3% to 18% lower than Crux.

6 Discussion & Future Work

Both Crux and Ampel outperform the baseline by reducing flow
overlap at bottlenecks, improving effective bandwidth utilization
(§2.3). We examine the sources of Ampel’s gains, highlighting key
design trade-offs and future directions.
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Figure 7: Ampel allows dynamic prioritization. The set of

scheduled coflows (jobs) changes over time.

Focusing on bottlenecks. Ampel’s gains stem from accurately
estimating the network cut capacity and selecting coflows with-
out overfilling bottlenecks (step 4 in §4.1). As a result, scheduled
coflows do not induce overdemand, avoiding contention under lim-
ited bandwidth. This is reflected in Fig. 6: the number of trimmed
packets over time at 4:1 oversubscription (no packets were dropped
in any of the experiments, only trimmed). The curves (log-scale)
correspond to trims at different priority queues across the network.
Ampel’s medium-priority queues (i.e., flows in scheduled coflows)
have orders of magnitude fewer trimmed packets, indicating that
these flows experience little to no congestion. Future work can
explore how load-balancing techniques other than packet spraying
impact this behavior, and if Ampel’s core insights still apply to
coarser multipathing.

Dynamic scheduling. Ampel can update the set of scheduled
coflows every epoch, adapting to demand. Fig. 7 demonstrates
the evolution of scheduled coflows (jobs), showcasing Ampel’s
ability to perform dynamic prioritization. However, this flexibility
may not always impact performance significantly. For example, in
this scenario, less frequent updates yielded similar iteration times.
Looking forward, dynamic scheduling can enable richer policies
such as starvation avoidance and fairness across coflows.

Scheduling granularity. Ampel supports multiple scheduling
granularities through different coflow definitions. Beyond job-level
coflows (shown so far), we also evaluated finer-grained alterna-
tives such as grouping by collective. In our experiments, coarser
granularities (e.g., job-level) performed better, while collective-level
coflows (likely too fine-grained) offered no improvement. Exploring
intermediate or adaptive granularities is a promising direction; for
instance, silence periods between communication bursts could help
separate coflows, albeit requiring fine-grained profiling.

Different topologies. Our evaluation focuses on Fat-Tree topolo-
gies with core oversubscription, but an important question is how
Ampel generalizes to other designs. For example, asymmetry within
pods (e.g., due to failures) would introduce additional oversub-
scribed cuts beyond Fig. 3b, which can be naturally incorporated as
additional big links. Extending Ampel to fundamentally different
topologies such as Dragonfly is more difficult, as cuts are no longer
disjoint and may grow rapidly. Designing scalable methods to effi-
ciently handle the overlapping cuts remains an open challenge.
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A Appendix

In this section, we present the Network-Cut Coflow Scheduling
(NCCS) problem formulation.

A.1 Problem Formulation

We formulate the offline version of the Network-Cut Coflow Sched-
uling (NCCS) problem as an objective function and a set of con-
straints. The formulation we provide is built upon the Coflow Sched-
uling formulation described in Varys [13], though it presents some
important differences.

Every coflow is a set of flows from various sources to various
destinations. The constant𝑑𝑘𝑖 𝑗 defines the amount of data that coflow
𝑘 wants to send from source 𝑖 to destination 𝑗 . The variable 𝑟𝑘𝑖 𝑗 (𝑡)
is the amount of data sent from source 𝑖 to destination 𝑗 for coflow
𝑘 at time 𝑡 . The variable 𝐶𝑘 is the completion time of coflow 𝑘 .

In addition to these values, we also define a set of oversubscribed
network cuts as defined in 3.1. In particular, each cut is represented
as two constraints, i.e. in both directions (for example, incoming
and outgoing bandwidth for a pod). The capacity of a cut 𝑐 is defined
by the constant 𝑎𝑐 . By the notation ∀(𝑖, 𝑗) ⊨ 𝑐 we refer to all the
source-destination pairs whose paths cross 𝑐 .

Note that, for this formulation to be correct, the oversubscribed
network cuts must also include the incoming and outgoing links
of each NIC. Intuitively, such a link is an oversubscribed cut as the
host could potentially generate unlimited demand, but is bound by
the link’s bandwidth.

min
𝐾∑︁
𝑘=1

𝐶𝑘 (1)

s.t.
∑︁

𝑘,(𝑖, 𝑗 )⊨𝑐
𝑟𝑘𝑖 𝑗 (𝑡) ≤ 𝑎𝑐 ∀𝑡,∀𝑐 (2)

𝐶𝑘∑︁
𝑡=1

𝑟𝑘𝑖 𝑗 (𝑡) ≥ 𝑑𝑘𝑖 𝑗 ∀𝑖, 𝑗, 𝑘 (3)

Inequality (2) represents the capacity constraints: the amount
of data sent at a given time over a certain bottleneck should not
exceed the bottleneck’s capacity. Inequality (3) ensures that the
duration of a coflow is as long as its slowest flow. Note that this
formulation does not constitute an ILP, and cannot be directly used
in an optimizer.

The crucial difference between NCCS and classical coflow sched-
uling formulation shown in Varys is that a flow may now be subject
to several bottlenecks rather than just sender and receiver NICs.

The problem is NP-hard. One can reduce the classical Coflow
Scheduling problem into the Bottleneck Coflow Scheduling problem
by selecting the oversubscribed cuts to be only the incoming and
outgoing links of each host or NIC. Because the classical Coflow
Scheduling problem is NP-hard, so is our variation.
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