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The extreme bandwidth demands of Al training has made
load-balancing a critical component in Al fabrics, and a variety
of load-balancing designs have emerged in recent work from
both industry and research. However, there is currently little
consensus on which design approach dominates or the con-
ditions under which an approach dominates. We also lack an
understanding of how far these approaches are from optimal.
We provide a technical foundation for answering these
questions by systematically evaluating leading load-balancing
designs, while decoupling them from specific congestion con-
trol and loss recovery stacks. We find that load-balancing based
on packet spraying dominates traditional approaches that
load balance traffic at flow, flowlet, or subflow granularities.
When comparing host- vs switch-based approaches to packet
spraying, we find that they perform similarly in failure-free
scenarios but that a host-based approach dominates under
link failure because of its rapid visibility into end-to-end path
conditions. We also identify that no leading approach achieves
optimal O(1) queue scaling at maximum utilization. We
demonstrate why a destination-based rotation (DR) discipline
can reach this optimum and introduce OFAN, a switch-
based implementation of DR that we show offers valuable
performance gains over other packet spraying approaches.

1 Introduction

Historically, TCP’s intolerance for packet reordering has
necessitated a rigid single-path-per-flow paradigm. While the
downsides of this constraint have long been recognized and
various alternatives proposed, network solutions have contin-
ued to respect this limitation, ranging from standard ECMP to
more recent proposals like Meta’s enhanced ECMP [26] and
Google’s PLB [70]. These approaches improve performance
by shifting path assignments, but still pin a flow to a single
path at any given time. However, the extreme bandwidth
demands of Al workloads are forcing operators to abandon
this paradigm in favor of aggressive packet-level spraying.
Al workloads pose extreme requirements on the network to
limit the worst-case completion time among flows. The needs
of Al workloads (which we discuss more thoroughly in §2)
have led to active exploration, mostly in industry, of designs
that go beyond the single-path paradigm. Here we mention two

[2] is considering new transport designs that include packet
spraying and packet trimming [4, 17]. Nvidia has developed
Spectrum-X which uses a switch-based packet-spraying
approach and RDMA NICs that accommodate out-of-order
delivery [60, 65]. These efforts suggest that we are finally
seeing a broad appetite in industry to consider load balancing
techniques that no longer restrict packet flows to a single path.

Still, we were surprised to find that many basic design
questions remain open. For instance, while it seems clear
that packet spraying is a robust technique for spreading load
along all suitable paths, we were not able, in our literature
search, to find answers to such key questions as: (i) How do
state-of-the-art load-balancing approaches compare when
not coupled with a particular network stack? (ii) Is it better
to implement packet spraying in switches (as in Spectrum-X
and pFabric [8]) or in hosts (as in NDP [30] and REPS [11])?
(iii) Do the benefits of (various forms of) packet spraying
remain when we introduce failures or the workload creates
incast? (iv) Is failure (and other asymmetry) best handled
in the network on in the host? (v) And how sensitive are
performance differences to the nature of the workload and
network parameters such as packet size and buffer size?

The ongoing industry efforts suggest there is a lack of
consensus on these questions. For instance, Nvidia supports
switch-based packet spraying; the UEC suggests host-based
spraying; Google’s Falcon design [49] uses host-implemented
path adaptation as in PLB [70] but does not use packet spray-
ing; Meta uses an enhanced ECMP and traffic engineering
(TE) [26]; Alibaba uses oblivious packet spraying [53] and
a host-managed and topology-aware subflow approach [69];
and ByteDance uses switch-based, congestion-aware global
load balancing [68].

Beyond the lack of industry consensus on specific imple-
mentations, there is currently no rigorous understanding of
whether existing load-balancing contenders represent the
theoretical limit of performance for Al training. Specifically,
it remains unclear how close these current solutions are to an
optimal bound. Quantifying this gap is essential; it provides
the necessary roadmap to determine whether the community
should continue designing novel load-balancing schemes,
focus on the incremental optimization of existing ones, or
pivot toward entirely new architectural directions.
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Answering such questions is challenging because it requires
decoupling load balancing from the other aspects of a transport
protocol (such as congestion control and loss recovery). Given
the competitive and evolving nature of the Al market, we
cannot expect complete agreement on all aspects of transport.
However, it would be extremely valuable for the ecosystem
if datacenter operators knew whether to implement host-based
load balancing, or require specific primitives from switch
vendors. This paper is about providing a technical foundation
for such a decision.

Our analysis yields several key findings regarding the
landscape of load balancing for Al training:

e Performance hierarchy: Among existing contenders,
packet-spraying approaches consistently dominate al-
ternative strategies. Between in-switch vs. host-based
packet spraying, we find that their performance differs
primarily under failure: host-based approaches generally
dominate, although both alternatives perform similarly if
the underlying routing convergence time is very small.

¢ Queueing delay: We show that none of the commonly
deployed load-balancing techniques—including packet
spraying—are optimal in the sense of maintaining a bounded
queue size while operating at maximum network utilization.

e Optimal scheduling: We demonstrate that a destination-
based rotation (DR) scheduling discipline achieves O(1)
queue bounds.

e Practical realization: We present OFaN, a novel switch-
based realization of DR scheduling. We show that OFAN
is both practically deployable and theoretically optimal.

o Sensitivity analysis: Beyond direct performance compar-
isons, our results expose how key parameters—buffer size,
message size, collective type, efc.—impact performance
without fundamentally altering the above core findings.
The remainder of this paper is organized as follows: §§2-3

establish Al workload requirements and the load-balancing

design space; §4 details our methodology and §5 compares
existing load-balancing schemes; §6 analyzes the optimality
of different load-balancing schemes and, in §7, we describe

OFAN; §8 presents a detailed sensitivity analysis of the various

load-balancing approaches that we evaluate.

Generative Al was used to refine text and generate code for
this work. This work does not raise any ethical concerns.

2 Background: AI Workloads

Al workloads have specific traffic patterns and performance
metrics that are quite different from traditional datacenter
workloads. More specifically, Al workloads involve rounds
of computation interspersed with rounds of communication,
where the communication is one of a few basic collectives,
such as AllReduce, AllGather, and AlltoAll (see [19, 50] for
a review). Thus, the communication workloads can be well
characterized by the traffic generated by these collectives,

McClure et al.

and the network-related performance metric is the collective

completion time (CCT) since stragglers will slow the overall

training progress. This results in workloads that are:

e Uniform: The nodes participating in a collective are
typically using the same communication library (e.g.,
[20]) and the same lower level networking support (i.e.,
transport protocol and NICs). The collectives are commonly
symmetrical, in that each participating node has the same
amount of data to send, and generates traffic with the same
traffic characteristics, with uniform packet size.

e Synchronous: All nodes participating in the collective
begin at roughly the same time. This is particularly relevant
to load balancing, because it synchronizes the traffic [4],
which is both good for load balancing (no need to adapt to
newly arriving flows while a collective is in progress) and
bad (creating possible incast congestion).

Mixture-of-Experts (MoE). Since we focus on Al training

workloads, we assume that traffic is well approximated

by uniform workloads (specifically, AlltoAll collectives),
even for MoE architectures. This assumption is justified
because, with a large enough number of tokens, experts will
be relatively uniformly load-balanced [82] and/or experts will
be split among GPUs [72]. Existing work in Al network-level

load balancing makes a similar assumption [4, 11].

We note that Al workloads have two characteristics that
accentuate the limitations of the single-path paradigm. First,
the vast bulk of the Al traffic is in long-lived flows that do not
have idle periods, so techniques that improve load-balancing
by rerouting flows during idle times (e.g., PLB, flowlet
switching) may be less effective. Second, the performance
goal with these workloads is to minimize the completion of all
flows in a communication collective collective; i.e., the CCT,
which is quite different from the traditional focus on per-flow
metrics (e.g., flow-completion time and per-flow fairness).

Al workloads above a certain scale are often deployed in
isolation [26, 44, 69]. This is the case we assume in our paper,
because it is in these large-scale isolated deployments that
achieving high performance (i.e., low CCTs) is so critical.

3 Load Balancing Options

We start this section by reviewing the overall design space for
load balancing (LB), and then present the specific designs that
our evaluation focuses on.

3.1 Design Space

The LB design space has been outlined (at least in part) in
several papers [7, 39, 81], so here we provide a fairly brief sum-
mary. At a high level, the main dimensions of the design space
are: (1) the granularity of traffic that is placed on different
paths, which can vary from a packet (e.g., [14, 30, 66]) to entire
flows (e.g., [32]), with various intermediate granularities such
as “subflows” (i.e., parallel streams whose union reconstitutes
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the original connection [71]) or “flowlets” (small sets of
contiguous packets [37, 70]); (2) the location at which LB
decisions are made can be centered at the host (e.g., [11, 70])
or in switches (e.g., [8, 65]); (3) how LB adapts to varying
network load, with some schemes adapting to local state at
a host or switch (e.g., [39, 70, 75]), others to global state (e.g.,
[7, 8]), and yet others are not adaptive at all (i.e., use no state
about load, e.g., [22, 30, 32]).!

Of course, not all combinations of points along these
dimensions lead to sensible solutions. Nonetheless, this is
clearly a large design space and there is a vast literature
exploring it. Table 1 references just a sample of such work. For
tractability, we focus our study on a key set of design choices
that are being evaluated or deployed in current practice. These
are indicated with a v/ symbol in Table 1 and, as we can see,
span a range of our design dimensions. We call these our
leading contenders and describe them in more detail next.

3.2 Leading Contenders

We focus on the following seven schemes and use reference
implementations (particularly from Atsim [1]) when possible.
(1) Per-flow LB: Here, packets are hashed based on their
five-tuple + flow label and placed on one path in the network.
This approach captures the behavior of ECMP and, per the
dimensions discussed above, represents LB at the granularity
of flows, that is non-adaptive (i.e., stateless), and only requires
simple hashing at switches.

(2) Per-subflow LB: This scheme operates as above, except
that a host now divides a flow into n parallel subflows, each
with a unique flow label. This approach captures protocols
such as MPTCP [71] and represents LB at the granularity
of subflows, that is non-adaptive (stateless), and where
parallelization into subflows is controlled by hosts while
switches only implement simple hashing (as above).

(3) Per-flowlet LB: Modeled after PLB [70], in this scheme,
the host may change the flow label if it detects congestion
above a certain threshold. Specifically, in our implementation,
a host will change the flow label at most every a packets if
over f% of recent packets carried ECN marks with o and f
picked based on the test environment (§5).2

(4) Host Per-Packet LB: In this scheme, the host simply
changes the flow label on every packet. This represents load
balancing at the granularity of individual packets, that is
implemented at hosts, and is non-adaptive.

(5) Switch Per-Packet LB: In this scheme, the switch imple-
ments simple round-robin scheduling of packets across the

"'We note that all designs use state about network connectivity to determine
the current set of equal cost paths, so the adaptivity we consider here is
whether/how different schemes react to state about the load on the network.
2This rule differs from PLB in one aspect: in PLB, a host only changes the
flow label at RPC boundaries; since we don’t have RPC traces, we instead
allow the host to change a flow label at most every « packets.

set of next-hop ports (i.e., ports associated with the available
equal-cost paths to a destination), where the round-robin order
is periodically reset to avoid synchronization effects. This
implementation is borrowed from the Atsim simulator [1].

(6) Adaptive Host Per-Packet LB: Based on the REPS proto-
col [11], the endhost in this scheme sets flow labels randomly
at first, then upon receiving ACKs, discards flow labels that
were ECN marked and reuses the uncongested flow labels.
(7) Adaptive Switch Per-Packet LB: Here, the switch places
the packet on the next-hop port with the shortest queue, where
the shortest queue is determined by first quantizing the queue
length into a few bins determined by some thresholds (e.g.,
0-5%, 5-10%, 10-20%, and >20%) and picking randomly
among the options in the smallest queue bin [1, 61, 77].

4 Approach: Decoupling Components

We aim to isolate the merits of LB from the effects of two other
components of the network stack: congestion control (how
hosts adapt their rate to avoid congestion), and loss recovery
(includes both loss detection and packet retransmission). We
now explain our methodology for doing so.

Congestion control: Our approach is based on the observation
that a perfect LB scheme would make the entire capacity of
the network available to hosts. Thus, if we were to assume:
(i) perfect LB, (ii) uniform collective workloads, and (iii) no
failures, then, the job of a CCA would be quite simple: every
host transmits at the same fixed rate, which is calculated by
dividing the available capacity equally across all hosts. In such
a scenario, any drops or delays can be attributed to imperfect
LB rather than an imperfect CCA (i.e., imperfections in host
sending rates).

Hence, to isolate the impact of LB, we simulate an idealized
fixed-rate CCA in which each host simply sends at a rate
that is set to its share of the available capacity of the physical
topology. Specifically, for a full bisection bandwidth network
without failures, each host sends at its line rate. In failure
scenarios, there may not be sufficient capacity for the workload
to proceed at line rate. Thus, we calculate the maximum
possible sending rate ppax at which all flows could send while
load-balancing equally across all valid shortest paths, and all
hosts send traffic at a rate of pyax. The process of determining
Pmax 1S presented in Appendix A.

Finally, in addition to the above ideal CCA, we also later
consider practical CCAs. For this, we would like to compare
our LB options using Google’s Swift [43], which combines low
delays and high throughput. However, Swift is designed for sin-
gle paths and experiences throughput collapse when handling
spraying. Therefore, we use MSwift [27], arecent and publicly-
available CCA that extends Swift to operate under spraying.
Loss recovery: Packet loss is inevitable due to link failures.
And, some (imperfect) LB may cause sufficient queueing to
cause congestive loss. The job of loss recovery is to detect
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Table 1: A survey of existing load balancing approaches based on their considered state, granularity, and implementation location. We
consider the design points marked with v/, and introduce the one with . We note that some works allow splitting flows in time/packets in
different amounts and with different strategies, thus we use a wide definition of “flowlet” that includes any splitting in these dimensions.
We do not include routing state in our definition of global state for switches (only congestion/traffic information) since it is often
locally-available in the switch despite being a function of global information.

Location Host Switch
Granularity Packet Flowlet Subflow  Flow Packet Flowlet Subflow Flow
None Vv[30,66] % [31,81] V[71] X V[8,14,22] x X V[32]
State Local V[11,47] V[36,39,70,86] X X V165, 85] % [37,78] x [75] x [12]
Global v[16,67] % x [4] x[21] % [68] x[7,40,83] x x[6, 10]

which packets have been lost and schedule their retransmis-
sions. Given the potential for packet-level reordering under
fine-grained LB, distinguishing loss from reordering can be
challenging.

Following the same strategy as above, we consider loss
recovery approaches representing ideal and realistic options.
To model an ideal loss recovery solution, we simulate a
mechanism based on rateless erasure coding [54, 56, 76]
which ignores losses and just transmits packets until the file
is complete. In this case, the sender encodes the data before
sending and creates some number of recovery symbols that
can be used to recover lost data. The receiver can decode the
entire messages with high probability as long as a sufficient
number of symbols have been received. Therefore, such
a protocol comes with a constant overhead (the required
recovery symbols), but does not need to manage specific
packets/sequence numbers (all symbols are equally necessary
and can be lost). To evaluate an LB scheme without the impacts
of loss recovery, we simulate ideal erasure coding with no
overhead. For this evaluation, we unrealistically assume that
no additional decoding symbols are necessary to receive the
message (i.e., only a number of bytes equal to the message
size must be delivered to decode). Thus, the sender simply
sends packets until the receiver has ACKed the full message
and no other mechanisms are needed to recover from loss.?

For our realistic options, we first consider a SACK-based
protocol since this is used in many recent protocols to tolerate
out-of-order delivery [17, 24, 49, 58]. In this case, packets
have a bitmap field that can tell the sender exactly which
packets have not been received. The sender retransmits
all missing packets when the gap between the lowest and
highest acknowledged sequence numbers crosses a configured
threshold. Importantly, these retransmission triggers do not
change the pacing rate, only which packets are sent.

Our second realistic option adds the use of MSwift as a CCA
so that, unlike the previous solution, we now capture the effect

3Given the delay between when the sender transmits the final necessary
packet and when it receives the corresponding ACK, some additional data
may be transmitted. To avoid extra transmissions that may cause unnecessary
queueing, our implementation opportunistically stops in the final BDP and
only sends more if necessary.

Table 2: Evaluated LB leading contenders and the applicable
configuration. Default configurations were generally found by
taking standard thresholds or experimenting with values and
taking the best-performing.

Approach Modeled After Simulated Configuration
FLow ECMP -
SUBFLOW MPTCP [71] # subflows =4
HoST FLOWLET AR  PLB [70] ECN thres.: 50%,

label change thres.: 40%
HOST PKT OPS [22] -
SWITCH PKT Round-robin[1]  Permute

every 5 wraparounds
HosT PKT AR REPS [11] ECN thres.: 10%
SWITCH PKT AR Spectrum-X [65]  Quanta: 5%, 10%, 20%

of varying sender rates. MSwift also uses a SACK-based loss
recovery mechanism.

5 Results: Load Balancing Schemes

As discussed before, we focus our initial evaluation on 7 lead-
ing contender designs with key parameters as shown in Table 2.
We use the default parameters for existing schemes where pos-
sible and otherwise swept for well-performing configurations;
different configurations may produce different results.

Simulator. We compare different load balancing schemes
with simulations on hAtsim [1], which we chose due to
its ability to scale to large datacenter networks and its
existing implementation of many design points in this space.
Specifically, unless stated otherwise, we simulate a 128-node
3-tier fat-tree network with 800 Gbps links, 0.5 us link latency,
800KB per-port buffers,* RoOCE-v2-sized packets with 4,096 B
payloads and 62 B headers, 64B ACKs, and 20 B gaps between
frames (12 B inter-frame gap and 8 B preamble and start frame
delimiter). We perform a sensitivity analysis for many of these
parameters in §8. We run all considered scenarios 10 times to
determine the level of variability in the measured performance.
Workloads. In our evaluation of load balancing schemes,
we consider an all-to-all (ATA) traffic matrix and a random

4This value roughly follows the per-port per-Gbps buffer size of modern
switches [12, 65], is above a BDP, and resulted in no loss in most evaluated
cases.
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Figure 1: Completion times (increase over ideal) for different

load balancing schemes with a perfect loss recovery protocol.

Adaptive techniques are denoted with ‘“AR” (adaptive routing).

permutation matrix. In the permutation traffic, each node is
sending traffic to exactly one other node, and receiving traffic
from exactly one other node. Rather than modeling specific
implementations of every collective, we select these two traffic
matrices since they are representative of many collective
algorithms. Permutation matrices are often used to implement
collectives such as AllGather and AllReduce [15, 26, 80, 84]
and can be used to iteratively perform an AlltoAll (n — 1
permutation matrices iteratively). Similarly, an all-to-all traffic
matrix may implement AllGathers or a one-shot AllReduce,
as well as an AlltoAll. Notably, in most training jobs, multiple
forms of parallelism will be used and thus no one collective
will span the whole network. We explore this more in §8 and
for now make the simplifying assumption of one collective at a
time across all nodes. We expect smaller slices of the network
(e.g., apod) to exhibit similar behavior.

Metric. For any given LB scheme, we report the percentage
increase in completion time relative to the lowest possible
completion time given the host-ToR link rate and propagation
delay of the network (i.e., with no loss or queueing delay). For
example, in the all-to-all traffic matrix, the minimum possible
completion time in our setup is ~ 1.3ms. Thus an increase
of (say) 10% in our normalized completion time metric is a
difference of 130us in which a GPU could perform billions of
FLOPs [18]. Such differences could have a noticeable impact
on training time as the communication time compounds over
iterations. Our all-to-all CCT lower bound is computed as

the simple sum of propagation and host transmission delays.

The permutation CCT lower bound is computed similarly but
additionally accounts for the symmetric dynamics of data and
ACK packets, as detailed in Appendix B.

5.1 Performance without failures

Figure 1 shows the performance of our leading contenders
in our default scenario in the absence of failures. As one
might expect, we see that load balancing at finer granularity
offers significant benefits with per-packet LB outperforming
flowlet-, subflows-, or flow-based LB. We see little difference

[l Inter-pod Routes [l Routes for Pod 1
Inter-pod Weights | Weights for Pod 1

Figure 2: Switches that must update routing and/or load
balancing state based on a link failure. The pod with the failure
must update state for all routes, and many nodes in other pods
must update routes and weights for traffic destined to Pod 1.

across the various packet spraying approaches which, again,
is perhaps to be expected in the absence of failure.
Comparing performance across collectives (Fig. 1(a) vs.
(b)), we see that the normalized differences are larger for the
permutation matrix since the minimum completion time is
much smaller with fewer flows competing for bandwidth. As
we explore more in §8, the relative gap decreases with larger
message sizes and increases with larger networks. Notably,
in the ATA, packet-based schemes achieve within 1% of the
lower bound. We also see that adding subflows in hopes of
increasing the entropy helps more in the permutation matrix
as the ATA already has many flows. Finally, performance of
HosT FLOWLET AR varies greatly across the two collectives:
it achieves within 16% of optimal in ATA, but does worse than
SUBFLOW in the permutation matrix. This is, in part, because
in the permutation matrix, most of the flow is sent in the first
BDP and thus the feedback to move paths comes quite late.

5.2 Performance with failures

We now look at whether our previous findings hold in the face
of link failures. Failure cases pose a particular challenge to
the LB schemes as the network is no longer symmetric (i.e.,
not all links should carry the same amount of traffic).

In general, we find that the gap between packet vs. coarser
(flow, subflows, flowlet) granularities of LB only increases
under failures and hence we focus our evaluation on the four
different forms of packet spraying designs. In particular,
we want to understand the differences between host- vs.
switch-based spraying approaches: if they continue to perform
similarly, operators might prefer host-based approaches since
that allows them to be vendor agnostic.

Failure models. We consider randomized link failures in
which we fail each edge-aggregation and aggregation-core
link with a given probability. We initially set the probability
to 1% [28] and explore more values later in the section.

Modeling routing convergence. While routing and load-
balancing can be viewed as orthogonal, the performance of
the routing layer impacts the performance of load balancing
under failure. L.e., performance under failure will depend on
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Figure 3: CCT increase for randomized failures with a per-link
failure rate of 1%, with G = o (i.e., convergence time > CCT).

the delay from when a failure occurs to when switches update
their routes/weights to reflect the failure.

In a datacenter, when a link [ at a switch S fails, recovery
involves two key steps. First, S must detect the failure and

remove [ as a next-hop option from its relevant port groups.

This in itself can take some time (estimates range from 10s
of microseconds [68] to 10s of milliseconds [4, 11] depending
on the underlying system) and during this period, packets
transmitted over the failed link are silently dropped.

In addition, all other switches in the network must be
notified of the failure so that they can update their routes and
weighted ECMP (W-ECMP) configuration accordingly. An
example of this process is shown in Fig. 2 in which route
updates are propagated to all aggregation switches connected
to the same core router and all ToRs update how they weight
each of their aggregation switches for Pod 1. Datacenters
commonly run a routing protocol (e.g., BGP [3, 45]) whose
convergence time will determine how quickly switches
update their routes and weights. As above, a wide range of
cross-switch convergence times have been reported from 100s
of microseconds [68] to 100s of milliseconds [3].

Given the range of reported convergence times, we are

interested in how this impacts LB performance. For example,
REPS [11] motivates its host-based approach with potentially
long convergence time. Accordingly, if the convergence
time could be decreased with other in-switch systems [68],
would host-based AR still be important for performance under
failure? Thus, in our simulations, we introduce a parameter
G to denote this global convergence time. We make the
simplifying assumption that this convergence time is the
same across all switches, including (pessimistically) the local
switch S. We measure the impact on CCT as we vary G, under
our randomized link failure model.
G=o0. This represents scenarios in which routing state
remains broken during the entire collective runtime. This
scenario is relevant to practice, given reports of convergence
time that can extend into several 100s of milliseconds, on par
with expected CCTs.

Our results in Fig. 3 now show a clear winner: HOST PKT
AR. This is because, on the timescale of a small number of
RTTs, HoST PKT AR is able to detect the failure (via timeouts
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Figure 4: CCT increase over best possible under random link
failures (1% fail rate) for host adaptive (dashed and shaded)
compared to an in-network rebalancing approach with different
delays (x-axis). The CCT lower bound accounts for the failure
(uses pmax)-

on a particular path label) and avoid that path in future trans-
missions. Notably, SWITCH PKT AR, even though it is adaptive,
does not see this benefit because the queue length on the failed
link may be short and thus continues to be chosen. Intuitively,
this performance difference arises because HosT PKT AR
enjoys an end-to-end view of a path’s performance (and can
react accordingly) while SWITCH PKT AR is limited to its local
view of switch state. Further, with SWITCH PKT AR, even if
the switch with the failed link had reacted quickly to avoid
the failed link locally, it would still receive traffic from other
switches as if the link was up, thus causing inevitable overload.
Finally, we note that the performance degradation due to
slow convergence can be substantial, even in the best case
of adaptive host-based solutions; e.g., 20% higher than the
baseline for the permutation matrix.
Varying G. Figure 4 shows the performance for different con-
vergence times G, focusing only on the adaptive schemes
(SwiTcH PKT AR and HosT PKT AR) for simplicity. We set G to
be a (varying) multiple of the minimum network RTT. Hence,
as we increase G, a growing fraction of the collective runtime
overlaps the network’s convergence period. For calibration,
the minimum CCT (with no failure) for the ATA is about 220
RTTs, while the permutation matrix is between 2-3 RTTs. We
include the performance of HOST PKT AR with no convergence
(G = o0) for reference. In general, we see that at very low G,
switch-based and host-based approaches perform very simi-
larly, but host-based solutions perform best as G grows. While
routing convergence may re-hash flow labels previously cat-
egorized as *good’ or "bad’ by the host LB algorithm onto new
paths, performance is maintained because W-ECMP weights
now correctly distribute traffic across all available capacity; the
only residual effect is that the host-based approach continues to
exclude the specific label it identified with the failure. With the
ATA, the purely switch-based approach eventually performs
worse than Host AR with G =co. Meanwhile, because the CCT
for the permutation matrix is smaller, we require very fast con-
vergence times (1 RTT) to limit performance degradation. For
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Figure 5: Impact of randomized link failure rates with G = 0.
CCT is normalized to best-case without failures.

large message sizes on a permutation matrix, the acceptable
convergence time is longer, similar to the ATA.

G=0. As shown in Figure 4, when G = 0 (i.e., routes are
converged before the collective even begins) both approaches
perform similarly. Thus, in-switch and end-host based packet
spraying are similar in the no-failure case and under failures
if the routes have converged.

Varying failure rate; G = 0. Finally, Fig. 5 plots performance
under increasing link failure rates when routing state has
converged (G = 0). We see that, as expected, performance
degrades with increasing failure rate but the performance gap
(or lack thereof) across different schemes remains unchanged.

5.3 Takeaways

Overall, our comparison of leading LB approaches yielded a
few key insights. First, per-packet techniques dominate coarse-
grained LB schemes, and, in failure-free scenarios, most
existing per-packet techniques achieve similar performance.
While per-packet approaches near optimal performance for
ATA, all versions incur a larger overhead under our permu-
tation traffic matrix. Second, we find that the speed of route
and (W-ECMP) weight convergence is a critical performance
determinant under failure. Under very fast convergence times
(e.g., < 10 RTTs for our ATA and < 2 RTTs for permutation),
SwITCH PKT AR and HosT PKT AR perform similarly but,
otherwise, HOST PKT AR outperforms. Finally, SWITCH PKT
AR and HOST PKT AR perform similarly once all routes have
converged. More generally, we see that rapid convergence
significantly improves performance in all cases and hence is
an important metric for switch vendors to optimize.

6 Optimality in Load Balancing

Our results in the previous section revealed that even the
best-performing packet spraying approaches can suffer from
non-trivial performance overheads, suggesting that there is
room for further optimization. In this section, we present the-
oretical analysis that gives us a more rigorous understanding
of optimality in load balancing approaches, and leads us to
propose Ofan, a new and provably optimal approach, in §7.

6.1 Theoretical Results

We define optimality in terms of the average queue length
that results from a load balancing scheme when running the
network at maximum utilization. Specifically, for a message
size m, we focus on g(m), the average queue size across all
switch queues over the time it takes for all hosts to finish
sending their messages. With this definition, an optimal load
balancing algorithm is one that achieves an O(1) queue size,
independent of m.

We focus on queue size for a few different reasons. First,
queue size is strongly correlated to CCT: queue size is the
dominant variable component of the CCT given a fixed
propagation delay and our simplifying assumptions of uniform
traffic, ideal sending rates, and zero-overhead loss recovery.
We further validate this in simulation in §6.2. In addition,
achieving an O(1) queue is a valuable goal in itself since it
ensures predictable performance, simplifying downstream
tasks such as congestion or loss detection, efc. Nonetheless,
we note that our focus on queue size is largely to build intuition
in designing load balancing schemes, and we return later to
comparing designs in terms of their CCT.

We present the details of our theoretical analysis in
Appendices C—E and only provide a high level summary
here. Our model considers n hosts implementing a random
permutation collective over a three-level k-ary fat tree. We
focus on packet-based load balancing and analyze simplified
versions of the contender schemes presented in §5. These
simplifications were necessary because our leading contender
algorithms include multiple parameters that complicate formal
analysis. Specifically, we analyze:

(i) Simple RR: We model our switch-based packet spraying
algorithm using a simple round-robin model in which the
switch load-balances packets across a set of next-hop ports
in round-robin order. Thus, the simplification relative to
our earlier SWITCH PKT scheme is that SIMPLE RR does not
periodically reset the round-robin order.

(ii) JSQ: We model our adaptive switch-based packet spraying
algorithm using a Join Shortest Queue (JSQ) model in which
the switch selects the next-hop port with the shortest queue,
with random tie-breaking between equal-length queues. This
simplifies the adaptive switch-based spraying (SWITCH PKT
AR) from §5 by removing the quantization of queues. Or,
viewed differently, JSQ represents adaptive switch spraying
in which the quantization is extremely fine-grained.

(iii) RSQ: In Randomized Switch Queueing (RSQ), the
switch selects among possible next-hop ports at random.
Hence, RSQ captures the opposite extreme of JSQ: it captures
our adaptive switch-based spraying scheme but now with
extremely coarse-grained quantization.

(iv) Host Pkt: We model non-adaptive host-based packet
spraying with full fidelity: the host randomly sprays packets



Table 3: Modeled algorithms for analysis.

Approach q(m) Simplification of Simplification
SIMPLE RR O(m) SWITCH PKT No permute
JSQ 0(m) SWITCH PKT AR No quantization
RSQ Q(vm) SWITCHPKT AR  One quantum
HOST PKT Q(vm) - -

HosTDR (DRB) ©(1) - -

OFAN o) - -

(by picking random flow IDs for each subsequent packet),
hence this scheme is identical to our HOST PKT scheme in §5.
With the above, we can prove the following results.

Theorem 1. SIMPLE RR and JSQ suffer from a linear growth
of the queue size with the message size:

q(m)=0(m) (1)

Theorem 2. RSQ and HoST PKT, that are based on random
spraying, see the queue grow at least as the square root of the
message size:

a(m)=0(vm) @)

The above results suggest that none of our leading contender
algorithms achieve our goal of O(1) queue size. In particular,
the linear growth of SIMPLE RR and JSQ was surprising, espe-
cially as the latter is often presented as a near-optimal solution
[23, 29, 61, 62]. Examination reveals that the linear scaling
of SIMPLE RR and JSQ are a result of synchronization effects
that arise due to the uniform nature of collective workloads;
i.e., that all senders transmit the same message and packet size,
paced at identical rates. This uniformity leads to per-sender
“stickiness” in which subsequent packets from the same sender
are forwarded along the same outgoing port to the same
aggregation switch. Given the nature of a fat tree topology,
such packets necessarily arrive at the same aggregation switch
in the destination pod, and then “stick” to the same path all the
way down to the host destination. They then collide with other
sticky flows. We discuss these synchronization effects in detail
in Appendix C and further validate them in simulation below.

Table 3 summarizes our models and findings.

Given these results on the non-optimality and/or fragility
of our leading contenders, we expanded our horizons to the
broader scheduling literature in search of approaches that lead
to our goal of O(1) queueing. We find inspiration in the DRB
scheduler by Cao et al [16]. The key idea in DRB is that each
source host load balances packets in a round-robin fashion on
a per destination basis. We generalize DRB’s idea to define
anew scheduling discipline that we term Destination-Based
Rotation (DR).> We observe that DRB can be viewed as a
specific host-based implementation of DR scheduling, and we

SDR has roots in load-balanced router algorithms like UFS, FOFF and
Padded Frames [35, 41, 42].

McClure et al.

later contribute a new switch-based DR scheme. Since DRB
runs at hosts (and to contrast it from the switch-based scheme
we propose), we henceforth refer to DRB as HosT DR.

Host DR. HosT DR is typically implemented by maintaining
a set of round-robin pointers at each source host, one per
(destination host, quantized packet size) pair; HosT DR uses
two quanta bins to triage data and ACK packets. For each pair,
the algorithm first determines the lowest common layer in the
topology to the source and destination, and performs round-
robin among the common switches in this layer using a single
pointer. For example, if two hosts are in different pods in Fig. 2,
they will send their data packets to the four cores in round-robin
order. This is done using encapsulation. When there are fail-
ures, HOST DR assumes that all hosts have full knowledge of
the topology and only performs round-robin among switches
that are reachable to both the source and destination hosts.
Bounded queues. We analyze HosT DR and show the
following results (proved in Appendix E). Between source and
destination hosts, HosT DR flows are load-balanced equally
and periodically across all allowed paths. As a result, any given
path sees a sum of many periodic flows with random phases.
Thus, we find that we can model the HosT DR queues using
the N D/D/1 queueing model [55, 74]. This is significant:
unlike most queueing models, the ND/D/1 queueing model
has bounded average queue sizes even when arrival rates
equal service rates.

Theorem 3. The modeled average queue size for HosT DR
is bounded:

q(m)~0(1). 3)

Given its optimal queue length, we would like to explore
a DR-based load balancing solution. Unfortunately, as we
discuss in the next section, HosT DR suffers from certain
complexities and overheads. This leads us to propose a new
variant of DR that we call OFAN which runs in switches and
achieves superior performance to HoST DR.

6.2 Validation via Simulation

Since our theoretical analysis makes a number of simplifying
assumptions, we present simulation results showing both
the CCT and the max queue size for the various algorithms
discussed above. We include both our simplified models and
our packet-based leading contenders. For completeness, we
also show the performance of HosT DR and OFAN (discussed
in the next section).

Figure 6 shows that max queue size correlates well with the
CCT metric from our earlier sections. We also see the general
trends revealed by our theoretical analysis. Specifically,
algorithms cluster in three groups: (1) SIMPLE RR and JSQ
form a first group with near-linear growth of the max queue
size; (2) The second group includes HOST PKT, RSQ, HOST
PKT AR, and SWITCH PKT AR whose queue growth is closer
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Figure 6: Comparison of packet-based LB algorithms.

to the square-root of the message size, and (3) HosT DR and
SwiTcH DR (OFAN) appear to reach an optimal O(1) queue
size. Finally, we repeated our tests under the failure scenarios
from the previous section and confirmed that OFAN and Host
DR retain their performance advantage over the other LB
schemes even under failure (results omitted for brevity).

Given these results, we next take a closer look at practically
realizing DR-based LB.

7 OFAN

In this section, we first provide intuition for why DR achieves
optimality, then discuss the limitations of HosT DR and finally
the detailed design of OFAN.

The reason behind DR’s optimality. Why is destination-
based rotation (DR) optimal, while a scheme based on simple
round-robin is not? In a nutshell, this is because, by balancing
load on a per destination basis, DR ensures a uniform load on
both uplinks and downlinks.® In a scheme such as SIMPLE RR,
the switch uses the packet’s destination to determine the group
of next-hop links, but the destination does not influence which
of these links is selected. Instead, the switch simply schedules
all packets bound for that next-hop group in round-robin order.
Or, stated in terms of pointers: the switch only maintains one
pointer for each next-hop group. Thus, with SIMPLE RR on
a fat-tree, a switch will round-robin all northbound traffic
over its uplinks in a destination-agnostic manner. This does
a good job of balancing traffic across uplinks but can result in
imbalances in how a particular destination’s traffic is spread
across the core switches. This in turn can lead to imbalanced
traffic on the downlinks because, on a fat-tree, there is only
one southbound path from core to destination and hence no
further opportunity to load balance traffic.

By contrast, because DR explicitly balances load on a
per-destination basis, it ensures that any particular destina-
tion’s traffic is well-balanced across core switches and hence
along downlinks, leading to DR’s guarantee of optimality and

SUplinks refers to the links traversed on a packet’s “northbound” path from
source to a core switch, and downlinks refers to the links traversed on the
“southbound” path from core to destination.

resilience to cross-flow synchronization effects. The tradeoff,
of course, is that DR requires per-destination pointers and this
is the challenge that any DR-based scheduler must address
as we discuss next.
Limitations of Host DR. HosT DR implements DR at
hosts, where maintaining per-destination state is reasonable.
However, as mentioned before, HosT DR suffers from two
fundamental limitations. First, hosts must know the complete
set of currently reachable switches, which is not information
they have available today. While one might contemplate
exposing routing/link updates to hosts, doing so would violate
traditional network layering abstractions, exposing hosts to
the internal complexity of the network fabric and requiring
them to manage global topology state. Second, as we discuss
next, running DR at hosts fundamentally limits the volume
of traffic that can be serviced by a single pointer, which in turn
limits its performance.
Overview of OFAN. OFaN’ is a switch-based realization of
DR scheduling. To address the challenge of maintaining per-
destination pointers, OFAN exploits the structured nature of
a fat-tree topology to consolidate destinations based on their
location in the tree, such that a switch only maintains a sin-
gle pointer for groups of destinations that share a common
edge or aggregation switch. Specifically, an edge switch E will
maintain one pointer for each group of destinations that share
an edge switch F (F # E). Similarly, an aggregation switch A
maintains one pointer for each group of destinations that share
an aggregation switch B (B# A). Hence, an edge switch on the
northbound path will round-robin all traffic bound for the same
destination edge switch, and an aggregation switch will round-
robin traffic bound for the same destination aggregation switch.

OFAN’s consolidation of destinations retains DR’s property
of balancing traffic on both uplinks and downlinks. To see this,
consider two flows that originate at source hosts under source
edge switch E, and are destined to destination hosts under des-
tination edge switch F. Then E and F are mandatory waypoints
in their path and hence E can maintain a single pointer that
(effectively) consolidates both flows. Consolidation is even
more effective at the aggregation layer due to the properties of
three-level fat-trees. In a fat-tree, all packets destined for a pod,
that come through a source aggregation switch in their uplink
path can only go through a single aggregation switch in their
downlink path.® This aggregation switch is again a mandatory
waypoint and hence a source aggregation switch can consol-
idate its scheduling of all packets destined to this pod.

Thus, an edge switch maintains O(# edge switches) pointers,
and an aggregation switch maintains O(# pods) pointers.

7OFAN’s name is based on Ezekiel’s vision of wheels within wheels, fitting
the many pointer rotations.

87To see this, notice that any packets leaving the black aggregation switch in
Figure 2 can only traverse the red (and not white) aggregation switches on
their southbound path.
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Figure 7: Worst-case link overload at each stage as a function
of packet size for 1 MB and small 32KB messages.

While greater than the number of pointers maintained with
SIMPLE RR, our discussions with switch vendors suggest that
this is a very reasonable number of pointers for switches to
maintain. For example, in a fat-tree of parameter k =64 with
65K GPUs [13, 25, 48, 64], each edge switch would maintain
2K pointers and each aggregation switch 63 pointers.
Properties. We prove in Appendix F that OFAN’s consolidation
achieves the dual goals of uplink and downlink LB. We get:

Theorem 4. The modeled average queue size for OFAN is
bounded:

q(m)~0(1). 4)

Implementation. Implementing OFAN only requires modi-
fying the core scheduling algorithm in a switch. No change
is required at endhosts and OFAN can continue to use existing
routing protocols such as BGP W-ECMP [9, 33, 34, 46, 51, 57,
59, 63] to propagate information about failures efc. To imple-
ment the OFAN scheduling algorithm, an edge switch maintains
a pointer for each (destination edge switch, quantized packet
size) tuple and an aggregation switch maintains the same for
each destination pod. In our simulations, we use two quantiza-
tion groups for packet sizes—one for data packets and another
for ACKs. Other datacenters and workloads might require
more fine-grained quantization. At start up, each pointer is
initialized to a random uplink port and a random round-robin
traversal order (to avoid synchronization across pointers). At
each packet arrival for this pointer, it is incremented (modulo
the number of uplink ports). Unlike HosT DR, OFAN does not
require any tunneling or encapsulation of traffic.

Experimental Validation. Figure 7 provides experimental
evidence for why DR-based LB performs better. We plot
the maximum load increase beyond ideal at each of the four
inter-switch link layers: (i) edge to aggregation (E — A),
(ii) aggregation to core (A — C), (iii) core to aggregation
(C—A), and (iv) aggregation to edge (A — E), using a random
permutation with inter-pod traffic only. The results confirm
our intuition. SIMPLE RR and JSQ achieve perfect local LB
at uplinks, but since they are not destination-based, they suffer
at downlinks. The other non-DR algorithms suffer at both. In-
terestingly, we see that HosT DR exhibits perfect LB for large
messages, but suffers for small ones. This is because HOST
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DR maintains many per-flow pointers that can cause traffic to
be “spread too thin”, especially with small messages. OFAN’s
consolidation mitigates this, leading to improved performance.
In Appendix F, we show that this performance gap widens as
the network size grows, following the widening disparity in
the number of pointers maintained by each scheme.

8 Sensitivity Analysis

We now determine the robustness of our results when varying
several scaling parameters (§8.1), approaches to loss recovery
(§8.2), and congestion control (§8.3). Finally, we present
results measuring CCT in a scenario simulating the training
of Llama [52] models with up to 405B parameters parallelized
using FSDP [73, 88] and running a full stack of CCA, loss
recovery, and load balancing (§8.4).

We ran tests with the entire set of our leading contenders
from §3 as well as HosT DR and OFAN. Across our tests, we
find that the relative ranking and broad assessment of different
schemes that we have made so far remains unchanged. For
legibility, in this section, we show results for SWITCH PKT AR,
HosT PKT AR, and OFAN since these are our best performers
representing both practice and theory.

8.1 Scaling

Network Size. Figure 8 shows the impact of scaling the
number of nodes in the network (and thus participating in
the collective). We see that both the relative ordering of our
schemes and the magnitude of their performance differences
holds as the network size grows.

Buffer Size. In Figure 9, we show performance with short
buffers, set at the size of 20 data packets (1/10th of the
default in §5). We see that, for permutation matrices, the
performance of SWITCH PKT AR starts to dominate Host Pkt
AR, presumably because of its ability to more directly control
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Figure 10: CCT increase as the message size increases.

queue length. As before, OFAN consistently performs better
than the other approaches.

Message Size. Figure 10 plots performance under increasing
message size. We see that the relative ordering of our
approaches does not significantly change, though the gap
between them decreases. This is because, as the message size
increases, the minimum CCT increases and hence the relative
differences get smaller. Interestingly, we see that HOST PKT AR
gets notably worse at very large message size. We conjecture
that this is due to the “freezing mode” in REPS triggering as
queues become long enough to cause a timeout [11].

Packet Size. Figure 11 repeats our default test, now with
varying packet size and two different message sizes. The
impact of packet size as a parameter in Al training is one that,
to our knowledge, has not been extensively explored in the
networking literature. Yet, as we see, the choice of packet size
can have a significant impact, varying CCT by up to 10%. The
graph also shows a clear “sweet spot” in packet size at which
performance is maximized. Intuitively, this is because sending
D bytes with a packet size P and header H, involves a trade-off:
large packets increase queue size and hence CCT, while small
packets incur higher header overheads. We find that we can
model the optimal packet size for some of our LB approaches.
For DR schemes such as OFAN, if we model the O(1) network
queueing as a constant of & packets (independent of the number
of sent packets), then we obtain the following (Appendix G):

Theorem 5. 7o minimize the CCT, the optimal packet size
should carry a payload that scales with ND:
H

—.D
a

P-H= &)

Interestingly, the constant H/« reflects the battle between
the two types of CCT overhead: headers and queueing. We
illustrate with a red dot in Fig. 11 the optimal size and modeled

CCT increase vs. our best constructed lower bound (§5).

We can see how the model roughly predicts the packet-size

sweet spot observed in simulation and its CCT increase.

Fig. 11(b) shows how the shorter queue sizes of OFAN also
encourage larger packets: We can derive that when using
spraying algorithms with square-root queue-size growth,
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Figure 13: Packet-based LB algorithms with MSwift CCA.

optimal packet size only grows as ©(D'/3) rather than © (\/5)

Also note that we neglect second-order factors, e.g., the CRC
may need to be a bit longer to protect longer packets. This
result suggests many avenues for future work on optimizing
performance through dynamically tuning packet size, and
exploring standardization support for larger Ethernet MTUs.

8.2 Loss Recovery

We next evaluate the impact of a realistic loss recovery
mechanism on CCT, using a retransmission threshold x to
distinguish expected reordering from actual loss. Analytically,
the maximum reordering degree — the packets arriving while
one is delayed —is 5gr/b for a 3-level fat-tree with queue size
q, bandwidth b, and flow rate r (i.e., the maximum possible
queueing delay divided by the pacing time between packets).
In our setup, this worst-case threshold ranges from 8 packets
for ATA to 1,000 for the permutation matrix.

Empirical sweeps identified optimal thresholds of x = 6
for ATA and x = 32 for the permutation matrix (avoiding
spurious retransmissions due to reordering, but not relying
entirely on timeouts to detect loss). As shown in Fig. 12,
incorporating realistic loss recovery does not alter our core
findings: existing spraying approaches perform similarly,
while OFAN consistently provides the best performance across
both traffic matrices.
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Figure 14: FSDP with Llama 7B, 70B and 405B parameters.

8.3 Congestion Control

We now compare per-packet spraying algorithms with CCA.
As mentioned previously, we would like to compare them
using Google’s Swift [43], but Swift is designed for single
paths and experiences throughput collapse when handling
spraying [27]. Therefore, we use MSwift [27], a recent and
publicly available CCA that extends Swift to operate under
spraying. MSwift’s key changes include: (i) an LTCP-based
mechanism [87] to handle out-of-order packets that can
trigger duplicate ACKs, and (ii) a new mechanism (based
on observing recent ACKs) that avoids Swift’s throughput
collapse scenario. We use MSwift’s default parameter values
adjusted for our network setting (Appendix H).

Figure 13 illustrates the impact of congestion control. It
evaluates a permutation traffic using the same settings as
without CCA, both with a short 1 MB message to compare
with Fig. 6, and with a longer 16 MB one to see the influence of
the CCA over several RTTs. For a short message, starting with
congestion windows reflecting full line rates, Figure 13(a)
predictably shows largely similar CCT results. Figure 13(b)
shows that with longer messages, the CCA needs to rein down
the flow rates, and therefore the CCT inflation can worsen by
some 10% for HosT PKT AR and SwiTCH PKT AR. By contrast,
OFAN does not need to be slowed down, reducing its CCT by an
order of magnitude. Intuitively, the CCT inflation is the ratio of
a variable queueing delay by a CCT lower bound. The numer-
ator stays near constant because of the ©(1) queues, while the
denominator grows by an order of magnitude with the message
size (i.e., a bit less than 16X because of the fixed RTT tax).

8.4 Training Scenario

Finally, we evaluate the performance of each LB scheme
on a realistic Al training scenario. Specifically, we simulate
training Llama-3 [52] (7B, 70B, and 405B) parallelized using
Fully Sharded Data Parallelization (FSDP) [73, 88] on a
1,024-GPU cluster. The cluster is organized as 128 servers of 8
GPUs, and we assume random server placement. We evaluate
the main network bottleneck in FSDP training by focusing on
the backward pass, as it combines a ReduceScatter of gradients
and an AllGather of weights. FSDP traffic is implemented as
a hierarchical ring, where intra-server communications are
performed in the high-bandwidth domain, while our fat-tree
network implements inter-server communications using 8
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parallel rings: each logical GPU i is connected to logical GPU
i+8 (mod 1,024). We assume FP8 precision and 4KB packet
payload, translating to 104 packets per flow in Llama 7B (32
layers), 418 in Llama 70B (80 layers) and 1570 in Llama 405B
(126 layers). We enable the MSwift CCA with loss recovery,
and measure the CCT of each collective phase.

As shown in Figure 14, while HOoST PKT AR and SWITCH
PKT AR overheads remain constant, the relative CCT increase
for OFAN drops as model size scales. At 405B parameters,
OraN reduces the CCT increase by 52x over baselines. This
improvement stems from superior utilization (Fig. 14(d)):
Since the CCA must throttle HOST PKT AR and SWITCH PKT
AR to maintain stable queue sizes (Fig. 14(e)), OFaN achieves
significantly higher effective throughput.

9 Related Work

There is a vast literature on load balancing in datacenters, and
we cannot hope to summarize it in any depth. The citations in
Table 1 provide a subset that covers the space along the dimen-
sions we described in §3. Many of the individual papers eval-
uate specific designs (that make choices for each of the compo-
nents), but we are not aware of work that tries to systematically
evaluate each component in designing a solution. This is espe-
cially true for the unique setting of large Al training workloads.
In addition, many of these proposed systems [26, 37, 70, 81]
do not seriously consider packet spraying given its potential ad-
verse effects on the transport due to reordering. Some systems
do include spraying in their design [8, 14, 30, 66], but often
introduce specialized mechanisms to make spraying work (e.g.,
proposing an entirely new transport). Two exceptions are [22]
and [11], where packet spraying is evaluated against ECMP
and some other load balancing granularities, but one transport
is assumed and the distance from optimality is unclear. We note
that there are a few works that use topology-aware (sub)flow-
based load balancing [4, 69] implemented in the collective
communication library (CCL), in which subflows are placed
on specific paths. This contrasts with our evaluated subflow
setup as we do not model topology-awareness managed at the
host. We categorize these into an approach similar to traffic
engineering (rather than transparent network or transport-level
LB), a space that we leave to exploration in future work.
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10 Conclusion

As Al training demands push network fabrics toward
packet-level spraying, load-balancing architecture becomes
critical. We systematically evaluated host and switch-based
schemes, finding they perform comparably except when
routing convergence is slow. However, no leading algorithm
achieves optimal O(1) queue scaling at full utilization.
To close this gap, we introduced OFAN, a switch-based
implementation of destination-based rotation that reaches
theoretical queue length optimality. Our evaluations show
OFAN significantly improves completion times and ensures
predictable performance for next-generation Al workloads.
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A Sending Rate for Randomized Failures

As mentioned in §5, we randomly fail links with a configured
probability. Given the random process, we cannot ensure that
there is sufficient capacity in the network to serve the demand.
Further, even if there is sufficient capacity for a given rate
(even line rate), it is not clear that any load balancing scheme
will be able to manage the demand.

With failures, there may be a possible routing of flows
that can serve the traffic at some optimal rate p,,;. However,
this may only be achievable with some traffic engineering
approach that can route flows according to the solution of a
multi-commodity maximum concurrent flow problem (MCFP)
— i.e., simply load balancing across available paths will not
reach the solution that allows p,,;. For example, some flows
may only be able to traverse one path, and therefore other
flows should specifically not use that path.

Thus, we instead use a more realistic model of what
load-balancing schemes do: attempt to spread load equally
across all available paths. Accordingly, we define ppyax as
the maximum possible rate the network can serve under the
assumption that all flows will be split evenly among their avail-
able paths. The value of pn,x can be rather easily calculated
by counting the units of flow on each link for each flow and
finding the maximally loaded link in the network. Assume that
this bottleneck link has total flow F on it and every link in the
network has bandwidth B. Then the per-flow rate, ppmax = %

We note that this is a rather pessimistic rate (there may be
wasted capacity in the network), but it ensures that the demand
will not congest the network with failures. Further, we find
that despite being a lower bound, different load-balancing
schemes are still differentiated by it.

B Permutation CCT Lower-Bound

Outline. Figure 15 illustrates how permutation collectives in
fat trees exhibit interesting interactions between data and ACK
packets, as each host is at the same time a sender and a receiver.
When computing the CCT, we find that there are in fact
three successive modes of communication: (1) Data packets
only, then (2) interleaved data and ACK packets, and finally
(3) ACK packets only. In order to provide a lower bound for
the CCT, we need to take these three modes into account.
Assumptions. In the remainder, we focus on a node that
receives a flow of data packets going through H = 6 hops,
and sends another flow of ACK packets traversing H hops
as well. Let Ty, Ty, Ty and T, respectively denote the data and
ACK packet serialization times, the gap time between packets,
and the one-way propagation time. Also, let T} =T; + T, and
T, =T,+T.

Mode 1: only data. The last bit of the first data packet of
each message goes through at least a propagation time of T,
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Figure 15: Illustration of the symmetric dynamics of the
permutation collective.

and H serialization delays of Ty, thus packet 1 arrives at time
t1=Tp+H- Tj.

When it gets to the receiver, this receiver is in the middle
of sending data packet indexed i;. It needs Ty + (i1 —1) - T} to
send these i; data packets. Therefore, putting both equations
together yields i;:

i :{—Tﬁ(h;, D Tﬂ+1

d

Example. With the paper’s settings, i; =78 data packets. In
other words, each sender sends at least 78 consecutive data
packets before it sends ACKs. OF course, if m < iy, then it only
sends m data packets.
Mode 2: interleaved data and ACK packets. Once the host
starts interleaving data and ACK packets, we assume that the
host policy performs round-robin between the two, as long
as there is data left.

Let’s study when the first ACK arrives. Before, we saw
that i; data packets are sent. We also saw that packet 1 arrives
at time t; = T, + H - T;. Therefore, packet i; arrives at time
ti, =Ty + (i1 —1)T). The first ACK for packet | arrives just after,
at tAK=T; +T.

Afterwards, all packets are sent in an interleaved way,

data-ACK-data-ACK-etc. Therefore, the ACK for packet i
arrives at (K =2 K4 (i-1)(T)+T)).
Mode 3: only ACKs. At the end, the hosts send the m™
message, and don’t need to interleave data and ACKs anymore.
This is a symmetric case from i;: it happens as they send ACK
i, with iy =m—iy + 1. For example, with m =256 and i; =78,
it happens at the ACK for packet 179.

Beyond index iy, we have two constraints. First, ACKs
should have time to be transmitted. We get a first lower-bound
time tlACK(l) = tl.?CK +(i—i2)(T}). Second, ACK packets can
obviously only be sent if they acknowledge a data packet that

(6
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has arrived. Just like packet i; arrived just before ACK 1, so
does packet i arrive just before ACK i — (i; — 1). Thus, we
obtain a second lower-bound time: tlACK(Z) = tlf“lc(lif_l) +(H-
1)(T;) +T,. Finally, the lower bound is the maximum of both
constraints: for i +1<i <m,tAK =max (t2K (1),1A°K (2)).
Example. With our default assumptions, we get a lower bound
of 17.05694 us for a message size m =256. We want to compare
that to smallest value that we can get. We only send a flow
from the first host to the last and back in a small network
(k =4), using all algorithms, iterate 1000 times, and take the
minimum over all possibilities, we measure in practice a value
of 17.0587 us (with k = 8, we get 17.0609 ps, which is less
tight). That is, the difference is 10~ of the CCT, less than a
packet time, showing the tightness of the lower bound.

C Proof of Theorem 1: Synchronization

C.1 Proof Overview

We now prove the synchronization properties of SIMPLE RR
and JSQ. The synchronization derives from three properties:

1. Perfect match for first packets. Consider an edge switch
without internal traffic. Assume that flow 1 sends the first
packet, which is forwarded to uplink port i. Each of the other
flows then sends one packet that is forwarded to a distinct
uplink port: (i) In RR, because of the round-robin rotation;
and (ii) in AR, because the queues of these ports are initially
empty, then any port that is assigned a packet gets a queue size
of 1 and is removed from consideration for a duration T. At the
end, there is a perfect 1-to-1 match of packets to uplink ports.
2. Sticky flows. When the second packet of flow 1 arrives after
a period T: (i) in RR, it will be sent again to port i due to the
round-robin periodic rotation, and (ii) in AR, the first packet of
flow 1 will have just left, since it takes Lpgt/C < T to service

it. Thus port i is the only empty port and the second picks it.

In both cases, port i is a sticky port for flow 1. Likewise, each
other flow will have its own sticky port.

3. Aggregation switch layout. Now we understand how flows
can be stuck onto specific edge-aggregation links. In addition,
in a fat tree, a flow stuck to aggregation switch i of a source
pod will also be stuck to aggregation switch i of a destination
pod (black and red circles in Fig. 2). Thus, two flows from
different source pods but destined to the same edge switch
may have picked the same aggregation switch i, leading to
contention at the link from the destination aggregation switch

to the destination edge switch and to linear growth of its queue.

Proof outline. We focus on the synchronization of (at least)
two flows that end up sharing a single aggregation-edge
link. When this happens, the queue growth is linear. The
probability of such a synchronization yields a lower bound
on the general synchronization probability. We show that as
switches becomes larger, this probability goes to 1.
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C.2 Proof

PROOF OF THEOREM 1. More specifically, we show that
SiMPLE RR exhibits such a core-aggregation link synchro-
nization whenever at least two flows satisfy three specific
properties; and JSQ exhibits it whenever four properties are
satisfied. We will first list the four properties, then show that
the general probability goes to 1 for larger switches.
Property 1: Red flows. For the sake of discussion, we will
denote red flows as flows originating at a red edge switch,
which is an edge switch that satisfies two properties: (i) It
has no internal traffic, i.e., all its flows are northbound; and
(ii) not all its flows are destined to the exact same destination
edge switch. The goal of the first condition is to ensure
that the number of northbound flows equals the number of
northbound ports, which facilitates synchronization. The goal
of the second condition is to avoid a rare case where all of the
flows to the same destination effectively come from source
aggregation switches with different pod indices, and therefore
from distinct destination aggregation switches because of the
fat-tree properties, which prevents the synchronization.

The probability for the first condition that all traffic is
northbound is the probability that the first flow is northbound,
times the probability for the second flow, etc.

n—k/2 . n—-k/2-1 n—k+1

P = 7
northbound n—1 n—2 I’l—k/2 ( )
k/2-1 .
n—k/2—i
= | | nokj2-i , 3
‘o n—1-i

The probability for the second condition that all traffic
targets the same outside hotspot edge switch is the product
of the probability that the first host picks any such edge, times

the probability that other hosts follow:
o _n=kj2 T k2
hotspot = n_1 ] n—1—i

€))

Let A denote the event that all flows are northbound, and
B that all flows target the exact same outside hotspot. An
edge switch is red (event C) if A happens but B doesn’t. So
P(C)=P(A)—P(ANB)=P(A)—P(B), thus

(10)

Property 2: Safe flows. To prove synchronization in JSQ
aggregation-edge links, we require that when a packet needs
to select an uplink port, there exists exactly one port with the
strictly shortest queue. Furthermore, this specific port must
be identical to the one used by the previous packet of the same
flow.

To ensure this continuity, we focus on a flow, and define
strict timing constraints regarding the service completion
of competing flows relative to the service completion of our
flow’s previous packet:

Pred = Prorthbound _Photsp0t~



(i) No packets in other queues completed transmission
within the the inter-arrival gap duration T;pg before the
service completion of the flow’s packet. The reason is
that if a packet from a competing flow were to finish
within this window, its queue would become empty.
When the next packet of that competing flow arrives,
it will observe two empty queues (its own and the target
flow’s). Consequently, it may select the target flow’s
port with equal probability, which we want to avoid.

(i1) No packets in other queues completed transmission
within the duration T;pg after the service completion of
the flow’s packet. The reason is that if a competing flow
finishes within this window, its queue also becomes
empty. The next packet of our target flow arrives exactly
Tipc after the service completion of the last packet
from our considered flow. Thus, it will encounter two
empty queues (its original port and the competitor’s).
It may therefore select the competitor’s port instead of
preserving its path.

Combined, these conditions imply that no other flows initiated
their transmission time within the critical window of Tipg
before and after the requested flow.

Explanation: Since no other packets completed service
during the critical window, we encounter a state where there
are exactly k/2—1 packets distributed across the k/2 uplink
queues. Under the JSQ policy, this implies that every queue
holds exactly one packet, except for a single empty queue.
We know that no state change has occurred since the previous
packet from our flow departed this specific queue. Therefore,
the AR algorithm will deterministically select this exact same
port again. This mechanism ensures that all packets from a
specific flow are directed to the same Aggregation switch,
effectively mimicking static routing.

Probability Calculations: We define the total packet cycle
time as Tsgrvice =Ipata+ Iipg. First, consider the interaction
between our flow and a single neighboring host. The prob-
ability that this neighbor transmits a packet that temporally
overlaps with the critical inter-arrival gap (T;pg) is proportional
to the ratio of the vulnerable window size to the total cycle time:

2-Tipg

Y

P single_overlap = —~
TserviICE

Therefore, the probability that this specific neighbor
remains "silent" during the critical window (does not interfere)
is the complement:

2-Trpc

Psafe_pair =1 _Psingle_overlap =1- (12)

TSERVICE

The edge switch connects m = ’EC hosts. For our flow to
be safe, it must not overlap with any of the other % —1 hosts
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connected to the same leaf. therefore:

2-Trpg \?

Psafez(l_ (13)

) )
TSERVICE

Property 3: Same aggregation switch index. In a Fat-Tree
topology, the routing structure is symmetric. If a packet
ascends from the i-th Aggregation switch in the source pod
to the Core layer, it is structurally forced to descend to the i-th
Aggregation switch in the destination pod.

Therefore, for two flows to converge at the same specific
Destination Aggregation switch (and subsequently compete
for the downlink), they must select the exact same Aggregation
switch index when traffic ascends from the Edge switch to the
Aggregation layer.

Since there are k/2 available aggregation switches for the
upstream path, the probability that two independent flows
select the same index is:

1 2

Psameagg.:m:f (14)

Property 4: Same destination edge switch. Both flows
are destined for different hosts that reside under the same
Destination edge switch.

Probability calculation (given a red flow). We calculate the

ratio between the valid targets in the specific destination leaf

and the total pool of valid targets outside the source leaf:

e Numerator: The number of potential hosts in the specific
target leaf (excluding the one already chosen by the first
flow).

¢ Denominator: The total number of valid destination hosts
in the network, excluding all hosts in the source leaf (since
the flow is Red) and the host taken by the first flow.

kg k1
Psamedestedgezn_l_k :k_3_ & (15)
2 4 2

Total collision probability. A collision occurs when two hosts

meet all four categories simultaneously.

Peoliision :Péafe 'Péed “Psame aggregation *PSame Dest edge (16)
Substituting the terms:
k_1? k
2-Tipg \? 2 3~
Pcollisionz(PRed)z' (1_— '_.kSZ—k a7
Tservice k E_q1-%
The expected number of collisions:
n n(n—1)
Ecoltision = (Z)Pcollision =——"Peollision (18)

Note on Independence Assumption. The derivation above
assumes statistical independence between the four categories,
effectively treating the joint probability as the product of
individual probabilities:

P(ANBNCND) ~P(A)-P(B)-P(C)-P(D)
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Figure 16: Synchronization mode for aggregation-edge links

Strictly speaking, slight dependencies exist between these

events (particularly due to the sampling without replacement
nature of the Red and Destination edge logic). However, as the
network size (n) increases, the statistical dependence between
any two specific flows weakens significantly. Consequently,
this approximation becomes asymptotically accurate for large
n, yielding analytical results that closely match the empirical
data observed in simulations.
Simple Round Robin Synchronization. For the Simple
Round Robin routing algorithm, the calculation remains
identical to the Adaptive Routing (AR) model described above,
with one key exception: the second requirement, "Safe Flows",
is not applicable.

Since RR distributes packets deterministically and is not
influenced by momentary queue occupancy (unlike AR, which
relies on queue states), the temporal constraint regarding Typg
and Tsgryick is irrelevant. Consequently, we are left with only
three conditions:

(1) Red Flows
(2) Same aggregation
(3) Same Destination edge

Mathematically, this implies that for RR, the probability
of being "Safe" is effectively 1 (Psqre = 1). The collision
probability equation for RR becomes:

2
Pcollision, RR = PRed . PSame aggregation 'PSame Dest edge (1 9)

Since Psqfe < 11in the AR model, removing this term results
in a higher overall probability for collision pair formation:

Peoliision, RR > Peollision, AR (20)

This theoretical conclusion aligns with the simulation
results, which consistently show a higher frequency of
collisions for Simple Round Robin compared to JSQ.

O

D Proof of Theorem 2: Square-Root Scaling

PROOF OF THEOREM 2. We focus again on the queue of an
uplink port at an edge switch without internal traffic. The edge
switch receives the sum of k/2 northbound periodic flows of
period T, and each packet enters our queue of interest with prob-
ability 1/(k/2), assuming uniform hashing. Thus, the arrival
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rate equals the service rate, and arrivals are the sum of indepen-
dent thinned periodic processes. We are at a critical loading,
where the queue size behaves as a random walk with zero drift
that can be modeled by a reflected Brownian motion. Specif-
ically, within each period T, the number of arrived packets fol-
lows a sum of k /2 Bernoulli variables, and its variance is 1— kL/Z
The queue size growth at each uplink port can be modeled as

1 2
Q(m)zwll—m-\/;m,

where the first part goes to 1 as the switch size increases, and
the second part shows the square-root scaling property of the
random walk.

We showed that if an edge switch does not have internal
traffic, then the queue size growth at its uplink ports satisfies
Q(m) = Q (y/m) as the m™ packet arrives. We now need to
show that the probability that an edge switch will not have
internal traffic is bounded below by a constant.

To do so, we use Eq. (8). By the Weierstrass product inequal-
ity, which states that for 0<x; <1, [];(1—x;) > 1-3;x;, we get

2y

k/2-1 k/2-1
k/2-1 k/2-1
P = 1-—|>1- _ 22
northbound ll:O[ ( n—l—i)_ ZZ:(; n—1—i ( )
The denominator is minimized at the last index, thus
k/2-1 k k
k/2-1 3(5-1)
Prorthbound = 1— IZ:(; n—k/2 =1- n—% (23)
Substituting n=+k>/4:
Kk
T3 k-2
Pnorthbound =1- é_z =1- K2 (24)
472

For any fat tree with k > 4, this last expression is larger than
a constant (specifically its value of 6/7 for k =4). Therefore
the result follows. |

E Proof of Host DR Queueing Model (Theorem 3)

PROOF OF THEOREM 3. We want to model the queueing
behavior of Host DR when using a random permutation.
First, at the edge switch uplinks, we saw that we get a sum
of periodic flows with random phases. However, since the
permutation is random, not all of the flows are necessarily
northbound. Thus, the load p may be arbitrary. Instead, we
model it using its expected value. Any of the k/2 source hosts
under an edge switch sends to another flow internal to the
same edge switch with probability (k/2—1)/(n—1), therefore
the average number of northbound flows is

5(1_k/2—1)
2

n—1
Each such flow has a period of k/2-T, where T is the packet
transmission time (including inter-frame gap). We model this

(25)
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Figure 17: Queue models for HOST DR. The average queue
size at each of the 5 switch layers is compared against queueing
models (dotted and dashed horizontal lined).

system as N-D/D/1 with p < 1. We model the superposition
of periodic arrivals as a Gaussian process as k increases [5],
together with a negative drift since p < 1. Since the queue size
cannot be negative, we use a truncated normal distribution.

In the same way, for aggregation-to-core links, we neglect
intra-pod traffic, and get the following expected number of
inter-pod flows per source pod:

2
) -1

(-5

We then apply the same model. Note that the fit is not exact any-
more, as traffic coming from the edge switches loses its period-
icity and therefore it is important to emphasize that the ND/D/1
model is only an approximation. Downlinks are an even coarser
approximation, since each layer makes traffic less periodic. O

[NIE

(26)

Fig. 17 uses n=1,024 hosts with a 4 MB message to show the
behavior of HosT DR at scale. It shows the average queue sizes
at each of the 5 switch queueing layers: (i) edge to aggregation
(E — A), (ii) aggregation to core (A — (), (iii) core to
aggregation (C — A), (iv) aggregation to edge (A — E) and
(i) edge to host (E — H), It illustrates that the approximation
is very close for the first E— A layer. The model then is a bit
pessimistic for the two core layers. It has three main sources
of errors: (i) the traffic periodicity is broken by queueing at
successive switches, (ii) the load varies and is different at each
pod, and (iii) we only use a fluid approximation. Finally, the
two downlink edge layers are relatively close to the model as
well despite the loss of periodicity.

F Proofs and Details of Oran’s Properties
F.1 Correctness of Consolidation

Load-balancing invariant. We start by formally formulating
the goal of a switch DR in a network without link failures. It
is clear that we want a perfect LB locally among uplink ports.
But we also want to make sure that any source edge switch E
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load-balances traffic as equally as possible across the links in
the destination pods. We want to formulate a target ideal invari-
ant that this load balancing should satisfy. However, we need to
be careful in the formulation. The traffic that E load-balances
depends on the destinations of the flows that cross E. These
destinations depend on the arbitrary permutation pattern, and
are therefore not uniform. For example, E cannot send the
same amount of traffic to all edge switches in the network.
Instead, we condition the invariant on the destination switch.

Invariant 1 (Load-balancing invariant). Given any source
switch S in a source pod and any destination switch D in a
destination pod, S should send traffic at the same rate through
all of the southbound links to D that are reachable from S.

The invariant implies a perfect load balancing at downlinks:

Property 1. If Inv. 1 holds, then all southbound links to any
switch have equal load.

PROOF. The load on each down link is the sum of the rates
of all possible source edge switches, for example. Therefore,
the sums will be equal for all down links to a given switch,
since their components from each source edge are equal. O

Consolidation. To achieve the above target invariant, we
use consolidation into virtual flows. The key idea is that each
source switch consolidates into a single shared virtual flow
all of its northbound packets destined to a shared destination
D. Then, it load balances these packets across all of its uplink
ports. However, we still need to carefully define the level at
which to consolidate flows.

Mandatory waypoints. Consider a source aggregation switch
Ag. A destination host Hp that is reachable through its uplinks
is necessarily in a different pod. Moreover, a property of the
three-level fat tree is that when sending traffic from Ag to Hp,
any packet must reach a given destination edge Ep and a given
destination aggregation switch Ap in the destination pod, and
cannot reach other edge or aggregation switches. For example,
the third aggregation switch of the source pod can only send
traffic destined to Hp through the third aggregation switch Ap
of the destination pod, then through the edge switch Ep that
is connected to Hp. We can think of Ap and Ep as mandatory
waypoints. They stand in contrast with the many possible core
switch waypoints that could be used to reach Hp.

As a consequence, all of the traffic going through Ags and
destined to Hp could be consolidated into a single virtual
flow using several consolidation levels: (i) per destination
host Hp, (ii) per destination edge Ep, and (iii) per destination
aggregation Ap. The following result shows that they can all
provide a first performance guarantee.

Theorem 6. Source aggregation switch As satisfies Inv. 1
whether it consolidates traffic per destination host, edge or
aggregation switch.
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PROOF. No matter the aggregation level, for any destination
belonging to this aggregation level in the destination pod,
Ss always sends traffic at the same rate to all cores that it
is connected to. Thus Sp, the symmetric aggregation in the
destination pod that is also connected to all these cores, also
receives the same rate from all these cores. Therefore, it
satisfies the invariant. In addition, Ss can only reach the links
Sp — Lp and Lp — Lp, and no other down links to L or Hp.
Thus, they trivially satisfy the invariant. O

Consider now a source edge switch Eg. Its mandatory
waypoints for a given destination host Hp are only Hp and
Ep. Since it can reach Hp using several aggregation switches,
none is mandatory. Thus, Es can consolidate traffic (1) per
destination host Hp and (2) per destination edge Ep. We find
that both work out:

Theorem 7. No matter the consolidation level, if both the
source edge switch Es and the source aggregation switch As
consolidate traffic, then both satisfy Inv. 1.

PROOF. We structure the proof based on the destination
type.

(1) For any destination aggregation Sp, source edge Lg
only has a single source aggregation waypoint Sg (Ss = Sp
if the destination is in the same pod, and it is the symmetric
aggregation of Sp in the source pod if they are in distinct pods).
Therefore, all of its traffic will be sent to Sg, which satisfies
the invariant for Sp by Thm. 6.

(2) For any destination edge Lp, source edge Ls equally
splits all of its traffic across all of the aggregations in its pod,
sending the same rate R to each. In turn, the rate from any
source aggregation Sg is directly transferred to the symmetric
destination aggregation Sp (whether Sp is in a different pod,
or in the same pod with Sp = Ss). Thus destination edge Lp
will receive the same rate R from all its uplink aggregations.

(3) Finally, destination host Hp is only connected through
a single link to the network, so the invariant holds trivially. O

Since it is clear that pointers also load-balance perfectly
locally among upling ports, the above theorem means that LB
achieves its dual goals both at uplinks and at downlinks.
Minimizing pointers. We saw that each switch can consol-
idate using several consolidation levels. However, the higher
the consolidation level, the smoother the load balancing,
as the source switch needs to hold fewer pointers and can
coordinate information across more flows. Therefore, OFAN
always chooses the highest and largest consolidation level.

F.2 Scaling Impact vs. HostT DR

Scaling impact on pointer numbers. Let’s illustrate how
consolidation improves SWITCH DR (OFAN) vs. HosT DR. Con-
sider arandom permutation with inter-pod traffic only. In OFAN,
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Figure 18: Ratio of the maximum queue size of SWITCH DR
(Ofan) by that of HOST DR as a function of the number of hosts.

aggregation switches consolidate traffic per destination aggre-
gation switch. Thus, a destination aggregation switch can only
receive up to k—1 different virtual flows, since there are k—1
different aggregation switches. However, in HosT DR, they vir-
tually consolidate traffic per destination host, hence there are
k?/4 flows, corresponding to the k?/4 hosts in the destination
pod. Thus, the consolidation gain in the number of pointers is
atleast k% /(4(k—1)) > k/4, increasing with the network size.
Scaling impact on queue sizes. To illustrate how consoli-
dation improves SWITCH DR (OFAN) vs. HOST DR, consider
a random permutation with inter-pod traffic only. Figure 18
plots the ratio of the maximum queue size of OFAN by that
of HosT DR as a function of network size, with 30 runs per
size. The ratio increases with the network size, i.e., OFAN
outperforms even more as we scale the network.

F.3 Model with Bounded Average Queue Sizes

Proof of Theorem 4. We are finally able to build a model for
the queue size under OFAN.

PROOF OF THEOREM 4. The model follows similar lines
for OFaN as for HosT DR. However, since we consolidate
pointers, we evaluate the number of distinct pointers, and
model as if all pointers carried the same number of periodic
flows, which tends to underestimate the final queue length.

We start with the edge model. We want to determine the
expected number of pointers at the edge switch. A single
source edge switch comprises k/2 flows (balls), and these
flows can be destined to k?/2 edge switches (bins). The
expected number of distinct destination edge switches is:

k2 1 \F?

Using Taylor expansion, we find that this is about k/2—1/4.
Likewise, at each aggregation switch, the number of north-
bound pointers is at most k — 1, as there are k—1 other pods and
therefore other aggregation switches that can be destinations.
The expected number of pointers also converges to k — 1 as
k grows. Thus, we obtain a new model, which neglects many
aspects of the algorithm that can be too complex to capture,
and in particular the variability in the periods of each virtual
flow. Again, the ND/D/I model is only an approximation. 0O



—— E->A —— A->C — C->A A->E —— E->H

)

X Y AR ]
()

N

n

v

]

@

>

o

2 ol

< o 20 40

Time (us)

Figure 19: Queue models for SWITCH DR (OFAN). The average
queue size at each of the 5 switch layers is compared against
queueing models (dotted and dashed horizontal lined).

Figure 19 illustrates the model for OFAN under the same
conditions. We can see that the edge model holds well (dotted
line). However, as expected, the models beyond have a slightly
poorer fit. In particular, the downlink queues are harder to
model exactly.

F.4 Advanced Implementation Considerations

W-ECMP. We want to make OFAN handle link failures, once
the information has propagated at steady state. We leverage
W-ECMP, which is already used in current switches. For
each destination switch, we obtain the raw weights associated
at the source switch with each port. Then, we divide by the
greatest common divisor to obtain simplified weights. Next,
we randomly shuffle the port order, as described above. Finally,
we extract an Interleaved Weighted Round-Robin (IWRR)
schedule [38, 79] that the pointers can go through in an efficient
manner, either using direct increment or a schedule table.
Schedule example in asymmetric network. Assume that
an edge switch has 4 uplink ports {P;,P,,P3,P4} of W-ECMP
weights {1600,1600,1600,800} Gbps. It first simplifies them
into {2,2,2,1} (by dividing by the greatest common divisor).
Then the port order can be reshuffled into {P3,P;,Py,P;},
yielding for example IWRR schedule {Ps,P;,P,,P;,P3,P5,P1 },
where P4 appears twice less often than the other ports.
Scalability. Assume k = 64 and n = 65 k hosts. Each source
edge switch needs to keep schedules for all of its destination
edge switches, i.e., up to 2,047 schedules. This can get complex
to implement and cache. We exploit a property intrinsic to a
3-level fat-tree: in a datacenter network with single links be-
tween switches of uniform capacity C, whenever both weights
are non-zero (i.e., there is reachability), then (i) the W-ECMP
weight between port i of source edge switch, Eg, and desti-
nation edge switch, Ep, is proportional to (ii) the number of
distinct paths between the i aggregation switch, Ag, of the
source pod and the i aggregation switch, Ap, of the destina-
tion pod [51]. Thus, we can define a weight per destination pod,
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such that the weight per destination edge switch equals this per-
pod weight if it’s reachable, and zero otherwise. As aresult, we
can only keep k shared per-destination-pod schedules, a k/2x
reduction (32 for our k =64 example), and the many pointers
per (destination switch, packet type) will rotate through these
shared schedules, simply double-checking FIB reachability
information each time they increment and pick a new port.
All-to-All with failure. We found a corner case in our
simulations of OFAN, when testing traffic with all of the
following characteristics: (i) all-to-all, (ii) without link failure
in the network, (iii) sending at full link rate without congestion
control, and (iv) having a sudden link failure in the core. In
such traffic, the number of source hosts per pod equals the
number of cores, so each flow that exits the pod becomes
anchored to a unique core in the round-robin rotation. If a link
to the core suddenly fails, then all of its packets will get lost.
In practice, we expect the CCA to catch this and slow down
some rate within a few RTTs, losing the synchronization, as
it affects a single flow and not all flows.

Implementation variants. We also implemented two variants
to OFAN. First, in a network without link failures, we found
that if (i) the first pointer is not picked at random, but rather
chooses the shortest queue at the arrival of the first packet,
then (ii) cycles in an unshuffled round-robin order, then
performance is slightly improved. However, we lose the
randomization property.

Second, in a network with link failures, if we only use
FIB reachability information without the W-ECMP weights,
we found that performance slightly worsens, but it still
outperforms existing algorithms. This FIB-based version can
be a simpler alternative to implement.

G Proof of Theorem 5: Optimal Packet Size

PROOF OF THEOREM 5. The CCT can be modeled as the
sum of (i) the time to send the message, (ii) the time to go
through the queues, and (iii) the zero-load RTT. Only the first
two components depend on the packet size P, so let’s focus
on them.

(i) The time to send the message is

D P

_—, 27

P-H C @7
since we need %{ packets to send a message of D bytes using
P—H payload per packet, and each packet of size P that is sent
atrate C takes time g.

(i1) The time to go through the queues is

(28)

8
Qi

by assumption.
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Adding the two components and dividing by constant C, we

want to find:
D
min |P- +all. 29)
P-H
Differentiating with respect to P, we get
D-H
— ta. (30)
(P-H)
Zeroing the derivative yields the result. O

Note that Fig. 11 assumes as a first approximation H=82B,
accounting for the header and inter-frame gap components,
and o =10 data packets.

H Swift’s Settings

In our evaluations with the MSwift CCA, we use LTCP’s and
MSwift’s default settings. However, Swift needs tuning.
Swift’s target delay parameters allow the maximum con-
gestion window to adapt to the sum of a fixed bandwidth-delay
product (BDP) component and a small variable queueing
component. They assume a maximum of 100 packets, given
50 Gbps and 100 Gbps links. These numbers need to be
adjusted to our network with 800 Gbps links links and a 6.25us
zero-delay RTT (including propagation and serialization
delays). The high line rates mean that the BDP alone already
reaches 150 packets on the line. In the original paper [43],
Swift uses target delays of
o 25 us for 50 Gbps links, translating to a queueing component
of (25-6.25)-50-10°/8=117KB; and
o 50 us for 100 Gbps links, translating to 109 KB.
We use the average of 113KB. The target is proportional to the
number of hops through Swift’s h parameter. When sending
at line rate, the initial congestion window is set to this target.
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