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Abstract

Every web search, video stream, and chatbot reply is served not by one computer
but by thousands of them, packed into warehouse-sized data centers and stitched
together by an internal network. For decades that network was scaled by brute force.
When the machines needed to talk faster, operators bought faster switches and wired
in more of them. This approach is now failing. The chips inside those switches have
stopped getting faster the way they once did, and the standard design insists that
every machine be able to reach every other at full speed at once, so keeping up means
buying more hardware at prohibitively higher cost and power. Then came Al, whose
appetite for shuffling data between chips dwarfs anything before it. The result is a
widening gap between the bandwidth a data center needs and the bandwidth anyone
can afford to build, a gap we call the data center scaling crisis.

Yet a data center rarely needs all that bandwidth at once. Traffic is often bursty
and localized: a few machines communicating heavily while the rest stay quiet, so
most of a uniform network’s capacity sits idle. The smarter move is to shift bandwidth
on the fly to wherever demand actually is, and that is exactly what a reconfigurable
data center network (RDCN) does. To do so it relies on a kind of switch very different
from the packet switches networks use today, the optical circuit switch (OCS), which
is both cheaper and more energy-efficient. The catch is that this is a paradigm shift
from today’s packet-switched networks: decades of protocols quietly assume what a
circuit-switched RDCN cannot promise, uniform bandwidth between every pair of
machines and static wiring that never changes. When those assumptions break, the
overall performance suffers.

This thesis redesigns the network protocol stack for the RDCN to reclaim the
performance that the unmodified stack gives up. It tackles the three core components
of that stack in turn: the transport protocol, routing and traffic engineering, and job
scheduling. For transport, conventional congestion control stumbles when the path
beneath it keeps changing, so our work Time-Division TCP (TDTCP) keeps separate
state for each network configuration and reuses it across reconfigurations, delivering
24-41% higher throughput than existing TCP. For traffic engineering, a spine-free
optical data center network offers uneven, shifting paths that overwhelm today’s
switch hardware, so our work PreciseTE computes routes that respect those hardware
limits, holding precision loss below 7% where the state of the art loses up to 67%, and
is now deployed in Google’s production network. For job scheduling, ML jobs placed
on a static non-reconfigurable torus must trade fragmentation against contention, and
our work RFold co-adapts the job’s shape and the topology to escape both, cutting
average job completion time by more than 4 x at high load. Overall, reconfigurability
is reshaping data center network infrastructure, but unlocking its performance benefits
calls for a systematic redesign of the protocol stack above it.
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Chapter 1

Introduction

Data center networks (DCNs) keep pace with application demands in the simplest way imaginable:
when applications need more bandwidth, operators build a bigger network out of faster switches.
This approach is now failing. The switch chips these networks are built from have run into
physical limits that keep them from speeding up as they once did [178, 184]. Figure 1.1 shows
the trend: the bandwidth supply of a switch chip cannot keep up with the bandwidth demand of
modern data centers, and the gap between them has been widening over the past two decades.
The recent boom in artificial intelligence (AI) demands has only amplified this gap, and as the
trajectory shows, the gap will continue to widen in the near future. We refer to this problem as the
data center scaling crisis.

This crisis has two roots, one in the hardware and one in the way we assemble it. The first
is physical. A packet switch must inspect and forward every packet that crosses it, and the rate
at which a single chip can do so is bounded by the transistors etched onto it. As Moore’s law
slows, the switching capacity of a chip grows far more slowly than the demand placed on it. The
second root is architectural. Data centers are built as fat trees, a topology that gives every server
the same full bandwidth to every other and so presents the whole network as one big switch to
which all machines attach equally. This abstraction is a gift to application developers, who may
place work anywhere and assume uniform, ample bandwidth between any pair of machines. But
delivering it demands enough switching capacity to connect everything to everything at full rate,
and preserving that guarantee as networks grow means piling on ever more switches whose cost
and power climb faster than any single chip’s capacity improves. Operators have kept pace with
demand only by adding twenty to sixty percent more switches every year, and that pace cannot
hold. Adding ever more switches not only drives up the cost of building the network but also
raises its aggregate power consumption. The very abstraction that made data centers easy to
program is the one that no longer scales.

The pressure is sharpest wherever Al is trained and served. A modern Al model is far too
large for any one processor, so training and serving it means spreading the work across thousands
of specialized chips that must constantly exchange data as they compute. The speed of the whole
endeavor then depends less on the chips than on the network that binds them: when the network
stalls, thousands of processors worth tens of millions of dollars sit idle waiting. The network, in
other words, has become part of the computer, and the demand it must satisfy is climbing faster
than ever [95, 198].
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Figure 1.1: The bandwidth gap. Switch-chip supply grows more slowly than either general-
purpose or Al-driven bisection-bandwidth demand, so the gap between what a network must
deliver and what faster switches can provide widens year over year. (Data is compiled from
Broadcom, NVIDIA, Google, and SemiAnalysis reports.)

If simply building bigger can no longer be sustained, the question becomes how to make more
efficient use of the bandwidth we can afford, without giving up application performance. The
answer begins from an observation the fat tree ignores: servers do not all need to talk to all other
servers at once. Real workloads communicate in patterns that are sparse and localized, a handful
of servers exchanging data heavily while most pairs exchange almost nothing, so much of the
bandwidth a fat tree provisions for sits idle. A network that could take that idle bandwidth away
from where it is not needed and place it where it is could deliver the same or better performance
with far less hardware. Doing so, though, requires something a fat tree cannot do: a network that
rewires itself to follow the traffic.

We therefore turn our attention to a different kind of network architecture, one built around a
fundamentally different kind of switch. To see what sets it apart, consider how data moves through
a data center today. When a server sends a packet, a transceiver converts the bits into light signals
that travel over an optical fiber. At the far end the light arrives at an electrical packet switch (EPS),
which converts it back into electrical form, reads the packet’s destination address, and forwards
it on toward that destination. An optical circuit switch (OCS), by contrast, does none of this: it
simply steers the beam of light from one input port to another, without ever converting the signal
or reading the packet it carries. Doing almost nothing turns out to be a considerable advantage:
such a switch is far cheaper and draws far less power than its electrical counterpart, with roughly
half the per-port cost and less than one percent of the per-port energy. Because OCS only redirects
light, it can be re-aimed while the network runs, changing which machines are directly wired
together from one moment to the next. A network assembled from these switches can therefore



rewire itself on demand. Rather than paying, up front and forever, for the ability to connect any
machine to any other at full speed, it puts bandwidth only where traffic actually flows and moves
it as the traffic moves. We call such a fabric a reconfigurable data center network (RDCN).

Adopting such a network is a deeper change than swapping one kind of switch for another.
The software stack that runs a data center, the programs that decide how fast to send data, which
routes each flow should follow, and which machines a job should run on, rests on two assumptions
a fixed network has always satisfied: that the bandwidth between any two machines is the same,
and that the set of connections holds still for as long as a program runs. An RDCN honors neither,
and deliberately so: its efficiency comes precisely from being uneven, lavishing bandwidth on
the connections that need it and withholding it from those that do not, and from changing those
connections as demand shifts. Running the existing stack unchanged on such a fabric would suffer
degraded performance or incorrect behavior, because neither assumption holds any longer.

These broken assumptions are only half of the difficulty. Reconfigurability comes not from
an idealized switch but from the OCSes available today, which are limited in three concrete
ways. First, an OCS offers only point-to-point connectivity: each circuit joins one endpoint
to exactly one other, so one-to-many communication must be serialized over time. Second, it
reconfigures slowly, on the order of seconds to minutes, and carries no traffic while it does, so
the network cannot adapt to shifting demand on the fly. Third, a single OCS has a limited port
count and cannot, by itself, connect all the endpoints of a large data center. One cannot, then,
simply drop these switches into today’s data center and expect it to work; but neither must one
wait for better hardware. This thesis works within these limits across three RDCN designs of
increasing specialization. The first is a general-purpose RDCN that forgoes reconfigurability
altogether, running the OCS network as a time-division multiplexed fabric that cycles through a
fixed schedule to provide full-mesh connectivity over time. The second is a spine-free RDCN
designed for general web traffic, in which an optical layer replaces the spine and reconfigures
to follow the measured demand between aggregation blocks. The third specializes entirely, a
dedicated RDCN for ML training workloads, whose communication pattern is known in advance
and whose topology is shaped to match it. Each design exposes performance challenges in a
different part of the network protocol stack, and we redesign the affected components for the
RDCN to achieve better end-to-end performance.

Thesis statement. RDCNs built on OCSes can address the scaling crisis by adapting to
application needs and providing better end-to-end performance. However, to unlock their
full potential, fundamental redesigns are required across core network components, such as
transport, traffic engineering, and job scheduling.

1.1 Summary of contributions

The thesis makes three contributions, one for each layer of the software stack that an RDCN
disrupts, each redesigned to run above the same slow reconfigurable, limited optical hardware.
Together they form a single progression of increasing awareness. Each contribution extracts more
value from the same OCS by knowing more about which servers actually need to talk: a transport



that is oblivious to real-time demand and merely rides a fixed schedule, a traffic engineering (TE)
system that allocates bandwidth in response to measured demand, and a placement system that
knows the workload’s exact communication pattern in advance. This progression runs alongside a
shift from the general-purpose toward the specialized, from a fabric that serves any traffic to one
built for a single, well-understood workload, the Al supercomputer. The thesis takes up the works
in that order, transport, then TE, then job placement, addressing at each step the layer of the stack
that comes under the most pressure.

Transport for a schedule-driven optical network (Chapter 3). This layer is the most general
and the least aware. A separate optical network sits beside the traditional packet-switched one
and accelerates large transfers whenever a circuit happens to be available. Because a single OCS
cannot wire every endpoint at once, it cycles rapidly through a fixed schedule, in the manner of a
rotor-based network, offering each pair of endpoints a brief high-bandwidth window in turn rather
than adapting to real-time traffic. Classical congestion control, assuming one stable path, collapses
under this rotation, probing cautiously for capacity and then throttling at every abrupt change as
though the network had failed. Chapter 3 presents a transport design that is aware of the rotation
schedule, keeping what it learns about each configuration and reusing it to exploit the fleeting
high-bandwidth windows rather than starting over each cycle. This transport, Time-Division TCP
(TDTCP) [37], makes the following contributions.

* A measurement study on an emulated RDCN that pinpoints why existing transports fall
short: single-path variants react too slowly to the rotation, while MPTCP stalls on flow
control. The study motivates modeling each configuration separately and reusing the
periodic schedule to converge quickly.

* A transport design that keeps a separate congestion-control state per configuration but draws
all of them from one sequence-number space, so loss recovery and bookkeeping stay simple
across reconfigurations and the receiver needs almost no changes.

* A full implementation in the Linux 5.8 kernel that scales to 100 Gbps and tracks microsecond-
scale reconfigurations, driven by top-of-rack notifications that tell each host the moment its
path changes.

* An evaluation showing that TDTCP delivers 24% higher throughput than single-path CUBIC
and DCTCP and 41% higher than MPTCP in a representative setting, matching a switch-
assisted baseline (reTCP) while keeping switch buffers nearly empty and requiring no active
buffer management.

The takeaway is twofold: endpoints should coordinate with the RDCN control plane, for instance
through proactive in-network signaling; and because existing TCP pays little attention to regular,
drastic latency changes, an RDCN transport must be built to handle them.

TE for a spine-free fabric (Chapter 4). One step toward the specialized, this layer is demand-
aware. In a production spine-free design, an OCS layer replaces the spine and connects the data
center’s aggregation blocks directly. Because demand between blocks is non-uniform, bandwidth
is allocated dynamically between them rather than provisioned as a uniform static spine. Classical
load balancing assumes a uniform topology and cannot cope with this shifting, skewed allocation.
Chapter 4 develops a TE system that is allocation-aware and efficient, computing and installing
routes precisely over the uneven, moving topology and within the unforgiving limits of what the



switches can be told to do. This system [38], since deployed in Google’s production network,
makes the following contributions.

* The first quantification of traffic-engineering precision loss across a range of DCN topolo-
gies, scales, and traffic patterns, tracing it to five root causes: network scale, skewed weights,
hardware heterogeneity, path diversity, and the multiplicative cascade of errors through
multi-stage fabrics.

* Two group-reduction algorithms, one favoring precision and one favoring speed, that round
and merge routing weights to fit the switch’s group table while minimizing divergence from
the intended traffic split, guided by three hardware-aware heuristics: traffic-aware table
carving, path pruning, and group deduplication.

* FabricEval, an open-source evaluation framework that mirrors Google’s production DCN
and TE system, used to run controlled experiments that would be unsafe on live traffic.

* An evaluation showing that the design holds precision loss below 7% where the state of the
art loses up to 67%, runs 10x faster, and avoids the traffic loss that group-table exhaustion
would otherwise cause.

The takeaway is twofold: network hardware handles heterogeneity inefficiently, and the hetero-
geneity an RDCN exposes must therefore be managed explicitly in software.

Machine learning (ML) job placement in a reconfigurable torus (Chapter 5). At the special-
ized extreme, this layer is workload-aware. An OCS layer assembles ML clusters into large tori,
and each training job carries a three-dimensional shape, set by its data-, tensor-, and pipeline-
parallelism degrees, that must be embedded in the torus. The communication that shape induces
is near-neighbor: during collective communication a GPU exchanges data only with its immediate
neighbors along each parallelism dimension, so a job runs efficiently only when its shape maps
onto a contiguous, well-aligned region of the torus. Enforcing that shape leaves the network
fragmented and nodes idle, while placing jobs with no regard to shape invites contention as they
compete for shared links. Chapter 5 presents a placement system that uses reconfigurability to
escape this trade-off, co-adapting the job and the topology to cut fragmentation and contention at
the same time. This placement system, RFold [39], makes the following contributions.

* Measurements showing that on a torus, unlike a Clos, placement dominates performance:
scattering a job’s accelerators forces its traffic through intermediate nodes, and contention
on the shared links inflates communication time sharply, with one competing job that
doubled its load lengthening another’s communication by 95%.

* Folding, which treats a job’s communication pattern as a graph and searches its isomorphic
shape variants for a contiguous embedding that minimizes fragmentation without hurting
performance.

* Reconfiguration, which, when no contiguous placement exists, uses the OCS layer to knit
scattered free accelerators into a single allocation, wiring the job’s communication ring
across cubes as optical circuits.

* A topology-aware, job-level simulator and an extended Microsoft Philly trace, used to
show that RFold delivers the lowest average job completion time at every load in the sweep
and sustains the highest load before saturating, with its knee near 58% offered load under



FIFO admission against 54% for the best shape-unaware policy and 44% for FirstFit, while
plateauing near 57% effective cluster utilization.
The takeaway is that when the communication pattern is known in advance, co-adapting the
job and the topology escapes the fragmentation-versus-contention trade-off that forces every
fixed-topology resource allocator to sacrifice one for the other.

1.2 Thesis organization

The rest of the thesis proceeds as follows.

Chapter 2 lays the groundwork the later chapters build on. It first develops the scaling crisis
in detail, tracing the two roots sketched above, the physical limits of a single switch chip and
the architectural cost of the fat tree, to explain why building bigger can no longer keep pace
with demand. It then explains what an OCS is and how it differs from an EPS, both in what it
physically does to a signal and in the cost, power, and reconfigurability that follow from doing
less. From there it introduces the RDCN and lays out the spectrum of forms it can take, from a
demand-oblivious fabric that rides a fixed schedule to one that reconfigures in direct response
to measured traffic. Finally, it details the three concrete limitations of today’s optical switches,
point-to-point connectivity, slow reconfiguration, and bounded port count, that constrain every
design in the thesis and that the later chapters must work within rather than around.

Chapters 3, 4, and 5 then present the three contributions in order of increasing workload aware-
ness. Each is self-contained, with its own background, design, implementation, and evaluation,
and each can be read on its own.

Chapter 3 takes up transport, the most general and least demand-aware layer. It shows why
classical congestion control collapses when a rotor-like optical network cycles through a fixed
schedule, and presents a transport design that is aware of the rotation, retaining per-configuration
state and reusing it to exploit each fleeting high-bandwidth window instead of starting over every
cycle.

Chapter 4 takes up TE for a spine-free fabric, one step toward the specialized. Here an optical
layer replaces the spine and connects aggregation blocks directly, allocating bandwidth between
them dynamically in response to non-uniform demand. The chapter develops a TE system that
computes and installs routes precisely over this uneven, moving topology, within the unforgiving
limits of what the switches can actually be told to do.

Chapter 5 takes up job placement in a reconfigurable ML torus, the specialized extreme.
Each training job carries a three-dimensional parallelism shape that must be embedded in the
torus, and the chapter presents a placement system that co-adapts the job and the topology, using
reconfigurability to cut fragmentation and contention at the same time rather than trading one for
the other.

Chapter 6 concludes by drawing the three contributions together and then looking ahead to
a coming generation of optical switches with faster reconfiguration and higher port counts, and
to the use cases their added capability would unlock, arguing that the redesigns in this thesis are
steps along a longer trajectory rather than one-off fixes.



Chapter 2

Background: The Case for Optical Circuit
Switching

DCNss are entering a period of rapid architectural change. For two decades, operators met growing
bandwidth demand by scaling out electrical packet-switched Clos fabrics built from ever-faster
merchant-silicon switch application-specific integrated circuits (ASICs) [3, 79, 202]. That formula
is now under strain. The two trends the formula depends on have pulled apart. Over the past
two decades the bandwidth of a single switch chip has climbed roughly 1000-fold, a compound
rate of about 1.3 per year, yet the bisection bandwidth a data center must deliver has grown
even faster, at roughly 1.6x per year for conventional workloads and faster yet for Al-oriented
clusters [18, 31, 69, 184]. Because demand outpaces the switch silicon that serves it, the gap
between supply and demand widens every year, and operators have closed it only by brute force,
installing 20-60% more switches annually, a trajectory that cannot be sustained. This demand is
driven by diverse applications, from ML to video streaming and other data-intensive services, and
it now collides with hard physical limits: the per-chip bandwidth of packet switches is flattening,
even as the power and capital cost of scaling the network outward become first-order concerns.
Together, these pressures constitute a scaling crisis for data center networking.

OCS [120] has re-emerged as a leading response to this crisis. Once regarded as an academic
curiosity, OCS is now deployed at hyperscale: it forms the interconnection layer of Google’s
Jupiter fabric [182] and the reconfigurable interconnect of its TPU supercomputers [112]. This
chapter provides the background needed for the rest of the thesis. Section 2.1 describes the scaling
crisis and the bandwidth wall that motivate a rethinking of the network. Section 2.2 explains
what OCS is and weighs its advantages and disadvantages against packet switching. Section 2.3
introduces the RDCN, the architecture that OCS makes possible and the setting for this thesis’s
contributions. Section 2.4 then argues why, despite those disadvantages, OCS is a particularly
good fit for the modern data center.

This shift is far more consequential than swapping one kind of switch for another. Circuit
switching, and the OCS-based DCN it enables, is a fundamentally different technology from
the packet-switched fabric our systems were built for, and today’s network software stack was
never designed to be compatible with it. In particular, a reconfigurable optical network breaks two
assumptions that packet-switched designs have long taken for granted: bandwidth uniformity (the
premise that any pair of endpoints can communicate at the same rate) and connectivity stability



(the premise that the set of links stays fixed over a connection’s lifetime). Software written against
these assumptions, from congestion control to routing and TE to cluster scheduling, therefore
suffers performance degradation when run unmodified on an RDCN. The central argument of
this thesis is that reclaiming this lost performance requires redesigning the stack layer by layer to
embrace reconfigurability rather than resist it.

2.1 The scaling crisis and the bandwidth wall

2.1.1 Demand is outrunning silicon

Two distinct forces drive the demand behind this crisis. The first is the steady growth of conven-
tional cloud and web services (search, storage, video streaming, and the like), whose aggregate
traffic has for years strained Clos fabrics and accounts for the bulk of the 1.6 x annual demand
growth noted above. The second, more recent force is AI/ML, which does not simply add more of
the same traffic but changes its character, making the strain acute and, for the first time, exposing
the network itself as part of the computer. Because the Al case is the most vivid, we use it
to illustrate the pressures that follow; but the scaling problem, and the reconfigurable-network
response this thesis develops, applies to conventional workloads just as well.

The immediate driver of the crisis is the explosive growth of AI/ML workloads. The amount
of compute used to train state-of-the-art models has grown by many orders of magnitude over
the past decade, doubling far faster than the roughly two-year cadence of Moore’s law [10,
198]. This growth cannot be absorbed by a single chip. Instead, training and, increasingly,
inference are distributed across thousands of accelerators (GPUs, TPUs, and other XPUs) that
must exchange enormous volumes of data during every step of computation. The network binding
these accelerators together has become part of the computer itself.

At the same time, the traditional engine of performance growth has stalled. With the end of
Dennard scaling and Moore’s law, general-purpose processors no longer deliver the exponential
single-thread gains of the past, and the industry has pivoted to domain-specific accelerators to
sustain performance [95]. Warehouse-scale machines now derive their capability from parallelism,
connecting many specialized chips, rather than from faster individual chips. This shift places the
interconnect on the critical path: the performance of a large training job is often limited not by the
accelerators but by how quickly they can synchronize.

Distributed ML communication is unusually demanding. Training relies on collective opera-
tions such as A11Reduce that are bulk-synchronous: a step cannot finish until every participant
has exchanged its data, so the slowest path dictates the pace of the whole job [45]. These col-
lectives move terabytes across the fabric in bursts and are acutely sensitive to both bandwidth
and latency variability. Production accounts from large operators confirm that the network, and
RDMA-style collective communication in particular, is a dominant factor in the performance of
large training clusters [69, 184].

The structure of this synchronization is what leaves the network so exposed. In each training
step, every accelerator computes an update to its slice of the model and must then combine that
update with the results of all its peers before the next step can begin. Because the operation is a
barrier, its completion time is dictated by the slowest participant and the slowest network path



serving it: the collective proceeds at the pace of its worst-case straggler, so it is tail latency, not
average latency, that governs performance. If even one link in the network is congested or briefly
disconnected, every accelerator stalls, and hardware worth tens of millions of dollars sits idle
waiting for a single laggard. For these workloads the network is thus not a supporting component
but a first-class determinant of end-to-end performance, and it is not enough for bandwidth to be
merely high; it must also be predictable, because a single slow path taxes the entire job.

2.1.2 The bandwidth wall

Historically, the network kept up with demand because the bandwidth of a single switch ASIC
doubled roughly every two years, tracking Moore’s law. That trajectory is now hitting physical
limits, what practitioners call the bandwidth wall. A packet switch chip’s total capacity is the
product of its port count (radix) and its per-port line rate, but both are constrained by the number of
high-speed serializer/deserializer (SerDes) lanes that can be physically escaped from the package.
As per-lane signaling rates rise, each additional doubling of SerDes speed becomes harder to
achieve and more power-hungry, and the reach of the electrical channel shrinks. The practical
consequence is a fundamental tension: at a fixed chip capacity, faster ports mean fewer of them,
so raising per-port speed reduces switch radix [178]. Lower radix forces traffic through more
switching hops to interconnect the same number of endpoints, adding latency, power, and cost at
every tier of a Clos fabric.

A concrete illustration makes this tension vivid. Suppose a switch chip offers a fixed total
capacity, say 51.2 Tb/s, representative of a current-generation ASIC. That budget can be divided
into 128 ports of 400 Gb/s or 64 ports of 800 Gb/s, but not both: doubling the per-port speed
halves the number of endpoints the chip can attach. Since the chip’s total capacity grows only
slowly from one generation to the next while endpoint speeds keep climbing, each new switch
tends to connect fewer neighbors at once. To wire up the same number of servers, operators must
then stack more switches into more tiers, and every additional tier a packet crosses adds another
store-and-forward hop, another optical-electrical-optical (O-E-O) conversion, and more power
and latency. The bandwidth wall, in other words, does not merely cap a single chip; it pushes cost
and complexity outward into the entire fabric.

Copper interconnects face a parallel wall. The distance a passive copper cable can carry a
signal falls as the signaling rate increases, so at modern line rates copper is confined to within-rack
reach. Extending connectivity beyond a rack requires optics, and in a packet-switched fabric
every such link must be terminated by an O-E-O conversion at each switch it traverses. These
conversions are a major and growing contributor to network power, cost, and latency [178, 182].

2.1.3 The “‘one big switch’ abstraction and the cost of scaling out

Underlying this scaling strategy is a powerful and deliberate abstraction: the DCN presented to
applications as “one big switch.” In this view every server is equally connected to every other,
so an application that asks for a handful of servers need not care which servers it receives; from
its perspective they are interchangeable. This uniformity is what makes the data center easy
to program and able to host arbitrary workloads, and a non-blocking Clos fabric is engineered
precisely to sustain it. But the abstraction is expensive to maintain: it is realized by statically
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provisioning enough bisection bandwidth for the worst-case, any-to-any traffic pattern, whether or
not any real workload exhibits it.

Because a single switch cannot grow arbitrarily, large fabrics are built as multi-tier Clos
(fat-tree) topologies that scale out by adding stages of switches [3, 79, 202]. This works, but
at a price. Every additional tier multiplies the number of switches, optical transceivers, and
cables (and their associated power and capital cost) while adding hops and O-E-O conversions to
end-to-end paths. Clos fabrics are also awkward to grow incrementally: because the topology and
its bandwidth are provisioned uniformly, expanding capacity or refreshing to a faster generation
of switches typically means overhauling the spine layer and re-striping the fabric, a disruptive
operation for a live network [182].

Network power is now a first-order design constraint. In a hyperscale fabric the spine layer
alone can draw on the order of a megawatt [120], and as line rates climb, the share of total facility
power consumed by O-E-O conversion and packet processing grows. With Al infrastructure
expanding under tightening energy and sustainability constraints, a network architecture that
spends less power to move each bit is increasingly valuable.

The deeper issue is that the “one big switch” abstraction pays for a generality that most
workloads do not need. Real applications rarely exhibit worst-case, any-to-any communication;
their traffic is instead localized in space, stable in time, or structured by the application itself. A
graph database communicates heavily within a partition and only lightly across partitions; web
services show pronounced hot spots once traffic is aggregated at the leaf or aggregation-block
level; and distributed ML jobs have deterministic near-neighbor communication fixed by their
tensor-, pipeline-, and data-parallel structure [112]. If the network instead created bandwidth only
where communication actually occurs, it could be at once cheaper and more scalable, escaping
the static trade-off in which a network is either general but inefficient (the fat tree) or efficient but
specialized and fragile (a topology hard-wired for one pattern). Realizing this requires a network
that can change its own topology at runtime. That is the promise of an RDCN, and OCS is the
hardware that makes it practical. These pressures (demand outstripping silicon, the bandwidth
wall, and the rising cost of maintaining a uniform “one big switch”) set the stage for reconsidering
how DCNs are built.

2.2 Optical circuit switching

2.2.1 What optical circuit switching is

An OCS establishes a direct, transparent light path between two endpoints and holds that connec-
tion open for the duration of a circuit. Unlike a packet switch, which receives a packet, buffers
it, inspects its headers, and forwards it toward its destination, an OCS never interprets the traffic
flowing through it. It behaves like a dynamically reconfigurable patch panel: light enters one port
and is steered (by a mechanical, electro-optical, or free-space mechanism) straight out of another,
entirely in the optical domain [120].

An everyday analogy helps separate the two styles of switching. A packet switch works like
the postal system: each packet is an addressed envelope that is read, sorted, and forwarded on
its own at every hop, so one wire can interleave mail bound for many different destinations. An
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OCS works more like an old manual telephone exchange that physically patches one caller’s line
straight through to another: while the connection is up it is a private, dedicated wire that faithfully
carries whatever the two ends put on it, but it reaches exactly one place at a time, and patching
a new connection takes a moment. Packet switching buys fine-grained flexibility at the cost of
inspecting and queueing every packet; circuit switching buys raw speed and efficiency at the cost
of that flexibility. The rest of this section makes the consequences of this bargain precise.

Three properties follow directly from this transparency. First, OCS performs no O-E-O
conversion; because the signal is never converted to electrical form, there is no packet processing,
no buffering, and correspondingly little power drawn to move data through the switch. Second,
OCS is bufferless and therefore free of the queueing that causes congestion and jitter in packet
networks: once a circuit is established, data traverses it with deterministic, near-zero added latency.
Third, OCS is protocol- and data-rate-agnostic: since the switch merely guides light, the same
device can carry any encoding at any line rate, and can be upgraded to faster endpoints without
being replaced [120, 182]. This is why OCS is often described as “future-proof™: the optical layer
does not need to be re-provisioned when the endpoints it connects get faster.

The trade-off inherent to circuit switching is that connectivity is established in advance and
changed only by reconfiguring the switch. Setting up or tearing down a circuit takes a finite
reconfiguration time, on the order of milliseconds for the Micro-Electro-Mechanical Systems
(MEMS) switches used in production, and during a reconfiguration the affected ports carry no
traffic. OCS is thus best suited to traffic that is either long-lived or predictable enough to be
scheduled, and it is typically paired with a control plane that decides when and how to rewire the
fabric.

The economic contrast with packet switching is stark, and it is what makes OCS attractive
despite this rigidity. Because an OCS merely steers light, it needs none of the per-port electrical
transceivers, packet-processing pipelines, or buffers that dominate a packet switch’s cost and
power. Representative figures put an OCS port at roughly $800 and 0.002 pJ/bit, against roughly
$1,800 and 15 pJ/bit for an EPS port, nearly four orders of magnitude less energy per bit [18, 120].
A network organized around OCS in this way is an RDCN. Its catch is not only reconfiguration
latency but that an OCS violates assumptions baked deep into today’s transport, routing, and
resource-management stacks, all of which presume packet-granular, any-to-any forwarding.
Extracting the hardware’s benefit therefore demands software—hardware co-design across the
stack, the recurring theme of the chapters that follow.

2.2.2 OCS technologies

Many physical mechanisms can implement optical switching, and they differ substantially in the
metrics that matter for data centers: port count (radix), insertion (signal) loss, and reconfiguration
time. Table 2.1 summarizes the main families surveyed by the Open Compute Project (OCP)
community [120].

The technologies span a wide design space. Robotic switches act as automated fiber patch
panels: motorized actuators physically re-plug fibers, giving very large radix, low loss, and
latching connections that survive power loss, but reconfiguration takes seconds to minutes. 3D-
MEMS switches steer collimated beams in free space using arrays of tiltable micromirrors; they
reach large radix with moderate loss and millisecond switching, and are the technology behind
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Table 2.1: OCS technology capabilities across implementation families, reproduced from the OCP
white paper [120].

Beam steering
(MEMS /LC/ Silicon photonics

Feature Robotic piezoelectric) (MZI /| MEMS) Metasurface
Radix Large Med Low-Med Large
Insertion loss (dB)* Low Med High Med
Dark fiber switch** Yes Some Yes Yes
Reconfiguration time Slow (sec—min) Med (msec) Fast (nsec—pusec) Fast (usec)
Simultaneous connections No Yes Yes Yes

*Insertion loss typically increases as radix increases, and can be reduced with an integrated semiconductor optical
amplifier (SOA).

**Dark-fiber switching: no light need be present at the input port for the switch to establish a connection. This lets an
operator provision, test, and reconfigure optical paths ahead of time, before the attached endpoints are powered on or
transmitting, rather than only while live traffic is flowing.

Google’s Jupiter and TPUv4 deployments [112, 182]. Liquid-crystal (LC) and piezoelectric
approaches trade moving mirrors for polarization control or precise actuation. Silicon-photonic
switches route light through on-chip waveguides using Mach-Zehnder interferometers (MZIs) or
ring resonators, achieving nanosecond-to-microsecond reconfiguration and CMOS-compatible
mass production at the cost of higher insertion loss and crosstalk as radix grows. Metasurface
and hybrid designs aim to combine fast switching with high radix and low loss. The right choice
depends on the use case: large-radix, slow-switching devices suit static rewiring, while fast,
lower-radix devices target dynamic, per-job or sub-microsecond reconfiguration [18, 178]. A
long line of research systems explored these points in the design space, progressively driving
reconfiguration times down from milliseconds toward nanoseconds: Helios [54], c-Through [223],
REACTOoR [141], ProjecToR [73], RotorNet [152], Opera [155], and Sirius [18]. For this thesis
the practical takeaway from the survey is narrower: today’s production RDCNs are built almost
exclusively on large-radix, millisecond-scale MEMS switches, so that is the regime we assume
throughout. The faster silicon-photonic and metasurface regimes matter chiefly for the future
directions discussed in Chapter 6.

2.2.3 Advantages over packet switching

The benefits of OCS follow from its transparency and are consistent across deployments [120,
182]:

* Lower power and cost. Eliminating O-E-O conversion and packet processing removes
the most power-hungry elements of the network. At-scale deployments report substantial
savings: Google’s Jupiter Evolving reports a 41% reduction in network power and a 30%
reduction in capex from introducing an OCS interconnection layer, together with a 5x
increase in capacity and faster deployment [182].

* Ultra-low, jitter-free latency. With no buffers and no store-and-forward processing, an
established circuit adds almost no latency and no queueing variability. This determinism is
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especially valuable for the bulk-synchronous collectives of ML training, which are stalled
by even a single delayed packet [45].

* Rate- and protocol-agnostic, future-proof. Because the optical layer is oblivious to
encoding and line rate, endpoints can be upgraded to faster speeds without replacing the
switching layer, decoupling the fabric’s lifetime from the endpoints’ generation [182].

* Flexibility and resiliency. A reconfigurable optical fabric can change its physical topology
to match workload demand or to route around failures, turning the network from a static
transport into an active, programmable resource [112, 255].

2.2.4 Disadvantages relative to packet switching

These benefits come with real limitations, which explain why OCS complements rather than
wholly replaces packet switching [120]:

* Circuits, not packets. An OCS provides one-to-one connectivity for the duration of a
circuit. It cannot fan traffic out to many destinations or make the per-packet forwarding
and load-balancing decisions that a packet switch makes naturally. Endpoints (or an
accompanying packet layer) must supply that functionality.

* No packet-level visibility or control. Operating purely in the optical domain, an OCS
cannot inspect, filter, buffer, or apply QoS to individual packets, nor can it provide per-packet
telemetry. Functions that assume packet-level processing must live elsewhere.

* Insertion-loss limits hops. Each optical hop attenuates the signal, and without amplification,
practical paths are limited to roughly one or two OCS hops. This ceiling is an optical power-
budget limit rather than an architectural rule: every pass through a switch adds insertion
loss, and once the accumulated loss exhausts the link’s power margin the signal must be
optically amplified or regenerated to travel farther. Packet fabrics, by contrast, regenerate
the signal electrically at every stage and can therefore scale across many hops [120].

* Reconfiguration cost and control complexity. Changing connectivity takes a finite
reconfiguration time during which affected circuits carry no data, so OCS suits traffic that
is predictable or schedulable rather than arbitrarily bursty. Realizing its benefits requires
a capable control plane to decide the topology, and much of the engineering effort in
production OCS systems lives in that control plane [182, 255].

2.3 Reconfigurable data center networks

The previous section described an OCS as a device. Assembling such devices into a working
network yields an RDCN: a fabric whose physical topology is not fixed at deployment but can be
rewired on demand to match the traffic it currently carries. In a conventional network the wiring is
frozen the day the data center is built, and the control software’s only freedom is to choose paths
over that fixed graph. An RDCN adds a second, more powerful degree of freedom, the ability to
change the graph itself: it places OCSes wherever links would otherwise be hard-wired and lets
a control plane decide, from minute to minute or from job to job, which endpoints are directly
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connected. The network’s topology becomes a runtime variable rather than a build-time constant.

This capability is precisely what lets an RDCN escape the generality-versus-efficiency trade-
off of Section 2.1. A static fat tree must provision for the worst case because it cannot know
in advance which endpoints will need to talk; an RDCN can instead observe (or be told) the
current demand and spend its bandwidth only where communication actually happens: many links
between the few endpoint pairs that are busy, and none between pairs that are idle. The same
physical hardware can therefore serve a graph database in one hour and a language-model training
job the next, presenting each workload with a topology shaped to its needs. Reconfigurability
converts the network from a fixed substrate that every workload must be squeezed onto into an
adaptable resource that molds itself to the workload.

RDCN designs differ chiefly in how quickly and on what basis they reconfigure, and these
choices follow directly from the switching technologies of Table 2.1. Two timescales are easy
to conflate here. One is the physical reconfiguration time of the switch device: how long the
hardware needs to move a mirror or retune a wavelength, the quantity tabulated in Table 2.1.
The other is the scheduling granularity of the network built on top: how often the control plane
actually chooses to rewire, which can be far coarser than the hardware permits. A fast device
does not compel fast rewiring; it only makes it possible. Early hybrid systems such as Helios [54]
and c-Through [223] bolted a slow optical path onto a conventional packet network, diverting
only the large, long-lived “elephant” flows onto circuits while leaving small, bursty flows on
the packet fabric. Later demand-oblivious designs such as RotorNet [152], Opera [155], and
Sirius [18] instead cycle through a fixed schedule of topologies so rapidly (microseconds down
to nanoseconds) that every endpoint pair is connected in turn, doing away with per-demand
scheduling altogether. Production systems occupy the pragmatic middle ground: Google’s Jupiter
fabric replaces the spine of its DCN with a slowly reconfigured OCS layer [182], while its TPU
supercomputers reconfigure the optical fabric once per job to give each training run a bespoke
topology [112]. What unites this diverse family is a single premise: that a network need not be
uniform and unchanging in order to be general.

With that taxonomy in place, it is worth pausing on what, concretely, operators use OCS
reconfigurability for today. Three recurring use cases illustrate how OCS reconfigurability is put
to work, spanning both mature production practice and designs still confined largely to research;
each exploits a different facet of the same underlying capability.

The first and most mature use case is spine replacement. Recall that a conventional fabric is
a multi-tier Clos in which a top layer of spine switches stitches together the lower aggregation
blocks. That spine is costly and power-hungry, and it must be upgraded in lockstep with the blocks
beneath it: the moment a block moves to a faster line rate, the spine becomes a bottleneck unless
it is upgraded too. An RDCN removes the spine switches outright and connects the aggregation
blocks through a large-radix OCS layer instead, handing each pair of blocks a direct optical circuit
sized to the traffic they actually exchange. Google’s Jupiter fabric took exactly this path and
reported a 41% reduction in network power, a 30% reduction in capital cost, and a 5 increase
in delivered capacity. Because the optical layer is oblivious to line rate, it also let operators roll
in faster blocks incrementally without ever rebuilding the spine [145, 182]. In this role the OCS
behaves like a slowly adjusted patch panel: the aggregated inter-block traffic matrix drifts only
over minutes to hours, so its circuits need to be recomputed just occasionally.

The second use case is runtime topology reconfiguration for Al training clusters. Because an
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ML job’s communication pattern is fixed and known the moment its parallelization strategy is
chosen, an RDCN can assemble a physical topology tailored to that pattern for the job’s lifetime
and tear it down when the job finishes. Google’s TPU supercomputers do this by interposing
MEMS OCSes between hardwired accelerator “cubes” and reconfiguring them on a per-job basis,
giving each training run its own torus of exactly the right dimensions [112]. Matching the topology
to the job improved training performance by up to 3.3 x and lowered power by 9% relative to a
fixed fabric, and the very same optical layer doubles as an isolation and resiliency mechanism,
walling jobs off from one another and rewiring around a failed cube without disturbing the healthy
ones [112, 255]. Here too reconfiguration is coarse-grained: it happens once per job, and jobs run
for hours or days, so millisecond switching is far faster than the workload requires.

The third use case is accelerating bulk data transfer. Large, long-lived transfers such as a
database shuffle, a checkpoint write, or the bulk gradient exchange between training steps can
monopolize a packet fabric and starve the small, latency-sensitive flows that share it. An RDCN
can detect such a transfer and stand up a dedicated optical circuit just for it, shunting the heavy
traffic onto a private, high-bandwidth path and leaving the packet fabric clear for everything
else. This is the strategy pioneered by the early hybrid systems Helios and c-Through [54, 223],
and it reappears in recent Al-fabric designs that dedicate optical bandwidth to the bulkiest
communication phases of distributed training [139]. Unlike spine replacement and per-job
topology reconfiguration, which are established production practice, dedicated bulk-transfer
circuits remain largely the province of research prototypes and recent proposals. Because these
transfers persist for many milliseconds or longer, a circuit that takes a few milliseconds to set up
still repays its setup cost many times over.

A common thread runs through all three use cases: the traffic they serve is stable over
comparatively long timescales, so the network need only reconfigure slowly, at millisecond
granularity or coarser. This is exactly the regime that MEMS-based OCSes serve best. As
Table 2.1 indicates, MEMS switches pair the large port counts these deployments demand with
millisecond switching and field-proven reliability, and they are, accordingly, the technology
behind essentially every large-scale production RDCN to date [112, 182]. Slow, MEMS-based
reconfiguration is therefore the mainstream of RDCN practice today, and it is the regime this
thesis primarily targets.

This need not remain the only regime. A faster OCS, one that reconfigures in microseconds
or nanoseconds as the silicon-photonic, metasurface, and demand-oblivious designs of Table 2.1
aspire to, would unlock use cases that millisecond switching cannot reach: steering the individual
bursts of a collective, scheduling circuits at the granularity of single flows, or dispensing with the
packet fabric entirely [18, 152]. These fast-reconfiguration regimes are still largely experimental,
and they place even sharper demands on the software stack; we return to them as an opportunity
for future work in Chapter 6.

Reconfigurability, however, is not free at the software layer, and this is where the challenges
this thesis addresses begin. Decades of network and systems software were written on two
assumptions that a packet-switched fat tree satisfies almost by definition: that the fabric offers
uniform bandwidth between any two endpoints, and that it offers stable connectivity that does
not change beneath a running application. An RDCN violates both. Its bandwidth is deliberately
non-uniform (that non-uniformity is the very source of its efficiency), and the set of live links
shifts over time as the fabric rewires itself. Transport protocols that assume a single stable
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path and probe cautiously for its capacity, routing and TE systems that compute over a fixed
topology, and cluster schedulers that treat the network as an undifferentiated pool of bandwidth
all lose performance, or misbehave outright, when the ground shifts under them. Bridging this
gap between reconfigurable hardware and reconfiguration-oblivious software is the problem the
remaining chapters take up, one layer of the stack at a time.

Which of the two assumptions bites hardest, and thus which layer of the software stack must
be redesigned, depends on where a given RDCN sits on a spectrum that runs from the fully
general to the narrowly specialized. The designs surveyed above do not form a single point on
that spectrum but populate its whole length.

At the general end are fabrics that serve any workload while knowing nothing about it. The
demand-oblivious designs introduced above, RotorNet, Opera, and Sirius, are the extreme case:
they rotate through a fixed schedule of topologies so quickly that every endpoint pair is connected
in turn, never matching the network to the traffic [18, 152, 155]. Such a fabric assumes nothing
about the workload, but it offers each connection only a fleeting, ever-changing path; its defining
hardship is connectivity that will not hold still.

In the middle lies the general-purpose production data center, exemplified by the spine-
replacement fabric of Jupiter described above [182]. It still serves arbitrary workloads, but its
bandwidth is now deliberately non-uniform, and traffic must be engineered across a topology that
reconfigures within the hard limits of real switch forwarding tables.

At the specialized end is the network built for a single, well-understood workload: the Al
training cluster, exemplified by the per-job TPU fabric described above [112]. Because the
workload’s communication pattern is known in advance, the network can be co-designed with the
job it serves, and the two become a single design problem rather than two separate ones.

This thesis traverses the spectrum from its general end toward its specialized one, taking up at
each stop the layer of the stack that the local conditions stress most:

* Transport (Chapter 3). Lowest and most general in the stack, transport must keep a
connection efficient across reconfiguration whatever fabric lies beneath it. This is where
connectivity instability bites hardest, the assumption a demand-oblivious, rapidly rotating
fabric breaks most violently.

* Routing and TE (Chapter 4). In the general-purpose reconfigurable data center, bandwidth
non-uniformity becomes the central problem: traffic must be engineered across a spine-free
fabric whose paths are unequal and whose topology reconfigures within the limits of switch
forwarding tables.

* Scheduling (Chapter 5). In the specialized ML cluster, both assumptions dissolve into a
single opportunity: because the workload is known, the cluster scheduler can co-adapt ML
job shapes with the reconfigurable topology they run on, shaping each to the other.

Addressing these three problems, and so turning reconfigurability from a property the software
must merely tolerate into a lever it can actively exploit, is the work of the chapters that follow.
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2.4 Why OCS makes sense in data centers

The limitations above might seem disqualifying, but the data center is a uniquely favorable
environment for OCS, for three reasons.

Traffic is stable and predictable where it counts. OCS is a poor fit for arbitrarily bursty,
fine-grained traffic, but at the scale where OCS is deployed (between aggregation blocks, racks,
or accelerator cubes), traffic is far more stable. Aggregated flows change slowly relative to
individual packets, and the communication patterns of the dominant workload, distributed ML,
are exceptionally regular: parallelization strategies produce structured, repeating collective-
communication patterns that are known in advance from the job’s configuration [112]. This
predictability is exactly what circuit switching needs, and it lets a control plane provision circuits
ahead of demand rather than reacting packet by packet. Where full predictability is lacking, a
hybrid design pairs OCS for the stable bulk of traffic with a packet layer for the rest [54, 223].

Reconfigurability is a feature, not just a workaround. Because ML jobs communicate in
known patterns, an OCS fabric can match the physical topology to the workload. We saw this
concretely in the TPU use case of Section 2.3: matching the topology to each job’s communication
shape improved training performance and power efficiency over a static fabric, and the same
optical layer improves job isolation and resiliency [112]. The same reconfigurability underpins
failure resiliency: when a component fails, the control plane rewires around it at the physical
layer, restoring full bandwidth rather than leaving the network in a degraded state, and doing so
from a shared pool of spare paths rather than fully duplicated infrastructure [255]. This ability to
reshape the network at runtime is the central theme of this thesis.

The economics are compelling at scale. The scaling crisis of Section 2.1 bites hardest exactly
where OCS pays off most. As the spine-replacement use case showed, swapping the power-
hungry electrical spine for a rate-agnostic optical layer removes a megawatt-scale power draw
and lets operators upgrade endpoints without the disruptive, fabric-wide refreshes a packet Clos
requires [145, 182]. The same rate-agnosticism and low latency make OCS attractive for emerging
use cases such as resource disaggregation, where high-speed copper’s shrinking reach otherwise
forces costly O-E-O conversions [120]. In short, OCS trades away packet-level flexibility (which
the data center can afford to relocate to its endpoints) in exchange for dramatic gains in power,
cost, latency determinism, and topological flexibility, precisely the axes on which packet fabrics
are hitting a wall.

These properties have moved OCS from research prototype to production cornerstone in barely
a decade [112, 145, 182], and recent systems continue to push it toward finer-grained, per-job, and
even in-workload reconfiguration for Al clusters [139, 234]. The remainder of this thesis builds
on this foundation, treating reconfigurability as a first-class design lever across the network stack.
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Chapter 3
Time-Division TCP

DCNs connect a large number of end hosts over a high-bandwidth, low-latency fabric, traditionally
using a Clos topology that offers the “big-switch” abstraction of a single full-bisection network. As
Chapter 2 described, that approach is reaching its limit, and OCS-based RDCNs have emerged to
bridge the widening gap between bandwidth supply and demand, dynamically allocating network
resources over time at lower cost and energy than a statically wired fabric [81, 124, 203, 205].
Reconfigurability, however, introduces a challenge that Chapter 2 named but did not solve: it
breaks the connectivity stability that transport protocols rely on. This chapter takes up that
problem at the transport layer. This is the first and most general of the three redesigns the thesis
statement calls for. Of the software layers an RDCN disrupts, transport sits farthest from the
workload, knowing nothing about which servers actually need to talk, and the fabric it runs on is
correspondingly the least aware, cycling through a fixed schedule that endpoints must ride rather
than shape. Even at this remove, honoring the broken assumption requires rebuilding congestion
control from the inside rather than tuning it from the outside, as the rest of the chapter shows.

While TCP congestion control is designed to optimize data transfers between end points
with competing traffic, it assumes that the channel between them is relatively stable in terms of
bandwidth and latency. In the context of RDCNs, however, this assumption does not hold. In
hybrid electrical/optical networks, the path between a pair of hosts may alternate rapidly between
a fast optical network and a slower electrical network, with orders-of-magnitude differences in
bandwidth and/or latency. Even in proposals that are purely optical [156], indirect forwarding,
where packets hop across several hosts when a direct link is unavailable, creates drastic latency
changes. Our experiments show that existing TCP variants are unable to take full advantage of
the additional capacity provided by these RDCN technologies. Because TCP infers network state
and updates its congestion model iteratively on the timescale of multiple RTTs, senders cannot
converge to the current path conditions before the network reconfigures again in highly dynamic
RDCN:s.

To exploit the full potential of RDCNs, we present Time-Division TCP (TDTCP), a new
variant of TCP designed specifically for reconfigurable networks. We build on the insight that
in RDCNs, as long as the network moves crisply between distinct configurations, it suffices to
operate efficiently in each configuration separately; the full algorithm is then a piecewise function
of individual models. In other words, in TDTCP, we multiplex independent network states over
time, much like how MPTCP [231] multiplexes subflows over space. Unlike MPTCP, however, in
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TDTCP only one subflow is active at a given time. As the network moves from one configuration
to the next, senders switch between network models.

While this overall approach may seem straightforward, we must solve several challenges
before TDTCP is a complete protocol. First, in today’s RDCNs, the duration in which a single
optical configuration is in place is on the order of a few RTTs, leaving little time for the host
to react to the new network environment. We address this issue by leveraging the fact that the
top-of-rack (ToR) switches to which end hosts connect are directly involved in reconfiguring the
network fabric. Therefore, we enlist ToOR switches to directly notify their attached hosts when
paths change. This signaling enables end hosts to view the reconfigurable network not as a single
fabric, but rather as a series of time-division networks (TDNs) that transition periodically.

Second, when the network reconfigures, in-flight packets may not belong entirely to one TDN
or the other. For example, data packets may traverse a different TDN than their ACKs, or a
decrease in latency may reorder packets. Careful accounting is required to disambiguate transient
reordering from true loss and credit the appropriate TDN, preventing unnecessary retransmissions.
TDTCP tracks the sequence space associated with each TDN and uses heuristics and selective
acknowledgments (SACK) to avoid severe performance penalties during TDN transitions.

Finally, implementing TDTCP in a modern operating system kernel is challenging because
the congestion control state is tightly integrated into the networking stack. We identify the
subset of CUBIC congestion control state that must be duplicated across TDNs and optimize
the TDN switching process to ensure end hosts are promptly notified of network transitions. We
show that our open-source implementation in Linux kernel 5.8 scales to 100 Gbps and supports
reconfigurations on microsecond timescales.

Using our prototype, we evaluate the performance of TDTCP against existing TCP variants
in the kernel as well as MPTCP and reTCP [169], an RDCN-specific approach that requires
extensive switch support. Results show that long-lived flows achieve better throughput under
TDTCP: 24% higher than single-path CUBIC and DCTCP in one representative RDCN setting,
and 41% higher than MPTCP. Additionally, TDTCP matches the throughput performance of
reTCP while exhibiting lower switch buffer occupancy and does not rely on active switch buffer
management.

This chapter makes three contributions:

* Our measurement study on an emulated RDCN identifies TCP’s shortcomings: single-path
variants react too slowly to changing conditions, but MPTCP is crippled by flow control
stalls. We learn that a new TCP should leverage predictable reconfigurations to model TDN's
separately and use a subflow scheme that bridges the gap between single and MPTCP.

* We present the design of TDTCP, which maintains a separate congestion control state
corresponding to each TDN but uses a unified sequence number space to (1) simplify
loss recovery and bookkeeping across reconfigurations and (2) minimize the need for
receiver-side changes.

* We present a full-featured implementation of TDTCP in Linux kernel 5.8, including perfor-

mance optimizations that support aggressive reconfiguration frequencies and modern (e.g.,
100-Gbps) link rates.
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Figure 3.1: A hybrid, demand-oblivious RDCN topology. The OCS network provides temporary
high-bandwidth links that supplement the EPS network.

3.1 Motivation

Chapter 2 introduced RDCNs in general and the spectrum of forms they take. This chapter targets
one specific point in that spectrum, the hybrid, demand-oblivious RDCN, and asks why it degrades
TCP performance. This section describes that variant and then explores why its characteristics
yield poor TCP throughput. We leave a full description of other RDCN variants to §3.5.

3.1.1 Hybrid demand-oblivious RDCNs

In this chapter, we consider hybrid, demand-oblivious RDCNs. As illustrated in Figure 3.1, such
networks are hybrids because they consist of both EPSes and OCSes. Each ToR is connected to
several upstream EPSes as well as one or more OCSes. The EPS and OCS networks are isolated
from each other.

Time-division multiplexing. When forwarding a packet, a ToR chooses either the EPS
network or the OCS network. We assume that for a given destination, only one network is in use
at a time: if a circuit exists, then the optical network is chosen, otherwise the ToR falls back to the
packet network. During its lifetime, a flow may traverse either the packet network, the optical
network, or both, depending on timing and flow duration. From a sender’s perspective, this is a
time-division multiplexed path, which is conceptually in-between a single path and true multipath
routing. We refer to each discrete network state as a time-division network.

Different network characteristics. The packet and optical networks have different band-
width and end-to-end latency due to their physical characteristics and network architectures.
EPS networks typically use 10-400 Gbps links, while OCS links have the potential to be an
order of magnitude greater than that [142, 154]. Traversing an EPS topology may take 100 s
with queueing, whereas the end-to-end OCS latency can be shorter because it includes fewer
intermediate switches, does not queue inside the network, and only the destination switch decodes
packets.

Stable characteristics within a TDN. Compared to the orders-of-magnitude differences
across TDNs, within a TDN conditions are relatively stable: subject to background traffic, the
bandwidth, latency, and loss rate on a path oscillate within a comparatively small range.

Predictable TDN pattern. OCSes follow a schedule that consists of several independent
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Figure 3.2: Sequence graph of TCP variants running in hybrid RDCN for 3 optical weeks.

configurations, which we refer to as days, each of which individually provides connectivity to a
disjoint subset of ToR pairs. The full schedule is known as a week. Between two days, there is a
blackout period we call a night during which no packets can be sent while the optical network
reconfigures. The term demand-oblivious refers to how the configurations are generated [144]:
the complete schedule provides eventual full-mesh reachability over a week, independent of the
traffic demand.

Frequent path switches. To keep overall utilization high, the optical network must maintain
a high duty cycle, defined as the ratio of uptime to downtime. Related work [169] assumes a
9:1 duty cycle, so a state-of-the-art reconfiguration time of 20 us [142] yields a circuit day of
180 us, striking a balance between frequent reconfiguration (to serve all rack pairs often) and
stability (to give flows time to converge). Assuming an RTT of ~40 us, a circuit day is on the
order of five RTTs. This is a concern since TCP receives congestion feedback and adjusts its rate
on the timescale of RTTs, so a short circuit day means that common TCP variants like CUBIC and
DCTCP may not have enough time to adapt to path characteristics before switching paths again.

3.1.2 Measuring TCP performance in RDCNs

TCP is the dominant transport protocol in data centers, so it is important to understand TCP’s
performance on hybrid demand-oblivious RDCNs. In this section, we investigate the performance
of two representative, widely-used TCP variants, single-path TCP CUBIC [87] and MPTCP [186,
231]. Our measurement and analysis addresses the following questions: Can TCP take full
advantage of RDCN capacity? Why or why not?

We conduct all experiments using the Etalon RDCN emulator [169]. Specific testbed parame-
ters are described in §3.4.1. We run CUBIC and MPTCP flows in the RDCN topology depicted in
Figure 3.1. The open-source MPTCP implementation does not support our intended use: pinning
one subflow (index 0) to the packet network and one subflow (index 1) to the optical network.
Hence, we extended MPTCP with a prototype t dm_schd scheduler that steers packets between
two subflows according to the RDCN schedule. For example, when the packet network is active,
tdm_schd sends all packets to subflow 0, which is pinned to the packet network, and vice versa.

Figure 3.2 shows the throughput of single-path TCP CUBIC and MPTCP in the form of
a sequence-number graph. To remove startup and transient effects, results across thousands
of optical weeks are averaged to create this visualization. The shaded regions show when the
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optical path is active while the unshaded regions correspond to the packet network. The slope
of a sequence number curve gives the throughput. For example, for the optimal curve, which is
computed analytically and assumes that a flow uses all available bandwidth, the slope is steeper in
shaded regions than in unshaded ones, as one would expect due to the higher bandwidth of the
optical network. On the other hand, the packet only curve specifies the best-case performance
when the end host uses only the packet network. It has a constant slope equal to the rate of the
packet network.

Both single-path TCP CUBIC and MPTCP fall far below the optimal line, showing that neither
takes full advantage of the RDCN bandwidth. While their sequence number curves in the packet
network (unshaded) are parallel to the optimal line, their curves in the optical network (shaded)
are shallow and only slightly better than in the packet network. MPTCP’s performance is lower
than that of CUBIC, despite the fact that it has been made RDCN-aware, likely because of the
overhead of subflow management and the reinjection of lost segments that could not be ACKed
before a path change.

Single-path TCP CUBIC has two shortcomings that contribute to its sub-optimal performance.
First, it assumes a single path with conditions that change relatively slowly, but this assumption
does not hold in RDCNs. After a path change, single-path TCP must spend multiple RTTs probing
the path to converge to a new state that is appropriate for the new bandwidth and RTT, which
can differ by orders of magnitude. Given the short duration of each optical day (=5 RTTs in this
example), there is insufficient time for single-path TCP to ramp up. Second, it is ignorant of the
cyclic, deterministic RDCN schedule; instead, it must rediscover each change and adapt using
mechanisms designed for traditional networks.

MPTCP’s low throughput is caused by the fact that the connection is frequently stalled
due to the strict isolation between the two subflows. Packets sent on one subflow may not be
acknowledged for a while if the receiver is blocked from sending on that subflow because the
corresponding TDN is not active. This means that the sender stalls until MPTCP’s connection-
level reinjection mechanism [188] attempts to retransmit the unacknowledged packets from one
subflow on the other subflow, the one that is currently active. This retransmission also introduces
additional overhead.

In summary, our investigation reveals three findings: (1) TCP should model the characteristics
of each TDN separately, (2) TCP should leverage the repeated, deterministic RDCN schedule to
speed up congestion control convergence, (3) MPTCP-style independent subflows are not suitable
for the RDCN environment where only one path is active at a time.

3.2 Design

The lessons above motivate a TCP variant designed for networks with fast, periodic changes in
path characteristics. Our goal for TDTCP is concrete: handle each of the network’s distinct paths
efficiently, but in an interleaved rather than simultaneous fashion, since only one path is active at a
time. To meet this goal, we believe the answer is TDTCP, designed specifically for such use cases.
TDTCP takes advantage of the best of both worlds, leveraging building blocks and concepts from
both single-path TCP and MPTCP. In this section, we explore our design decisions for TDTCP.
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3.2.1 Per-TDN state variables

A time-division multiplexed path, with distinctive traits setting itself apart from a stable single path,
should be treated like distinct paths. Particularly, TDTCP should model the path characteristics
of different TDNs independently. Traditional single-path TCP lacks the ability to distinguish its
own operating states in different TDNs. Upon a path change, traditional single-path TCP has
no accumulated state information about the new TDN; all of its state is modeling the previous
TDN. Instead of invalidating this model, it tries to reconverge with samples taken in the new TDN.
For instance, using TCP’s standard exponentially weighted moving average technique to merge
bandwidth estimates for two different TDNs results in a value that is too large for the packet TDN
and too small for the optical TDN. A natural fix is to maintain independent copies of internal state
and dynamically swap them in when the relevant TDN is active. These sets are kept isolated so
that samples from different TDNs do not pollute each other.

TCP models path state using many different internal variables. We group these into three
categories according to their main functions and for brevity only list a few of the variables
themselves. “Pipe” variables such as pkts_out, lost _out, and ret x_out are used to estimate
the number of bytes in flight, lost, and retransmitted, respectively. This gives TCP a sense of how
full the “pipe” is. Congestion control variables such as cwnd, ssthresh, and ca_state are
used to control how many more bytes are allowed into the network and whether the sender should
slow down. Delay/RTT variables such as srtt, rttvar, and mdev are used to track the path
latency. All three categories of path state variables require per-TDN copies to make TDTCP truly
model each TDN separately.

In stable state, each per-TDN set of variables closely tracks its corresponding TDN. When the
network path changes, TDTCP swiftly replaces the variables in use with another set tracking the
new TDN. The new set of variables already contains a snapshot view of the new TDN when it
was last active. After the replacement, TDTCP continues to operate on the new TDN as if it has
just resumed from a checkpoint. In principle, variables of inactive TDNs should not be modified
when that TDN is inactive to avoid unexpected state corruption. However, there are certain key
exceptions that require updates to the state of inactive TDNs. These exceptions are to handle
reordering scenarios and to make sure that when the inactive TDN becomes active again, it is
modeled accurately. As a simple example, suppose that a packet is sent on TDN 0 and its ACK
returns on TDN 1. TDTCP needs to decrease the in-flight count for TDN 0 even though TDN 1 is
active. This ensures that when TDN 0 becomes active again, TDTCP has accurate knowledge
about the in-flight packets. In addition to the above state variables, TDTCP also tags each packet
and ACK with a TDN ID and keeps track of it throughout the lifetime of the packet. TDTCP
can find out on which TDN a particular packet is sent by examining this field. This information
enables some heuristics for managing cross-TDN reordering and spurious retransmissions. We
discuss reordering scenarios in more detail in §3.2.4.

3.2.2 TDN change notification

By modeling path states separately, TDTCP implicitly requires the ability to promptly determine
when network transitions occur. Instead of relying on in-band notifications like packet marks
(e.g., explicit congestion notification [63]) or iteratively probing the path, TDTCP relies on an
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out-of-band hint to decide when to use which set of states. Given that all switches in the RDCN
know when the path change will happen and what the new path will be, it is reasonable to have the
switches at the network edge, i.e., ToRs, propagate this information to the end hosts using proactive
notifications. We employ a dedicated Internet Control Message Protocol (ICMP) [181] packet
to carry this notification. We prefer this alternative to an in-band signal, such as piggybacking
the notification in packet headers, because our out-of-band ICMP approach avoids potentially
deferring the notification indefinitely in the absence of a continuous flow of packets. The ICMP
packet simply carries an integer index indicating which network path is currently active. We refer
to this path index as the TDN ID.

One major concern is whether TDTCP can obtain the most up-to-date TDN ID in a timely
fashion, as this governs TDTCP’s operating efficiency. For example, if a packet-to-optical TDN
change notification arrives at the sender when the optical day is about to end, then TDTCP will
miss the opportunity to send at higher speeds. Vice versa, TDTCP could experience excessive
packet drops if it continues to send at the optical bandwidth after the network has transitioned
into a packet TDN. While the delivery latency differs network-by-network, our design of ToR-
generated notifications should keep it generally low since ToRs and end hosts are located within
the same rack. In §3.4.4, we evaluate several optimizations that further minimize this latency.

Delivery assumptions. TDTCP assumes that ToR-generated notifications are delivered
reliably and in order within the rack. Because the ToR and its attached hosts share a single
hop, we expect loss, duplication, delay, and reordering of notifications to be rare. Our current
prototype does not implement explicit recovery for these cases, and a bare integer TDN ID is not
by itself sufficient to distinguish a current notification from a stale one. A lost or late notification
therefore leaves a host operating with an out-of-date TDN ID until the next notification arrives; in
the interim, the per-TDN reordering heuristics (§3.2.4) limit the resulting damage by avoiding
spurious retransmissions across TDNs. Hardening notification delivery, for example by sequencing
notifications so that stale ones can be detected and discarded, is a worthwhile extension we leave
to future work.

3.2.3 Sequence numbering

TDTCP maintains a single, connection-level sequence number space despite viewing each TDN
independently. This decision contrasts with MPTCP’s two-level design for its subflows. Three
reasons lead to this design decision: (1) flow control stalls that occur due to ACK delays after a
switch, (2) it does not require inter-subflow coordination to facilitate loss recovery, and (3) only
minimal receiver-side modifications are needed.

Before we discuss the benefits of TDTCP’s single sequence number design, let us summarize
why MPTCP uses a separate sequence number space for each path. MPTCP benefits from
this design in two ways. First, MPTCP assumes multiple paths that operate (if one ignores
potentially shared bottlenecks) completely independently, thus using full-fledged TCP connections
as subflows is a natural fit. Second, and perhaps more pragmatically, MPTCP sought to keep each
subflow compatible with various Internet middleboxes. Subflows with discontinuous sequence
numbers may be incorrectly identified by middleboxes and blackholed or reordered. Fortunately,
such universal compatibility is not a design requirement for TDTCP. Data center operators have
significant control over network functions, and we assume they can make whatever changes may
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be necessary to support TDTCP, as they have for DCTCP and other recent TCP variants.

Avoiding flow control stalls after a TDN switch. As we observe in §3.1.2, MPTCP has poor
performance after a TDN switch because of flow control. The reason is that ACKs for packets
sent over the old TDN right before the switch may be stuck in the send queue of the receiver, since
they must be transmitted over the same TDN as the data packets they acknowledge. It is only
after the packets have been reinjected over the active TDN that transmission can continue. With a
single uniform sequence number space, packets received on one TDN can be ACKed on another
TDN, and they naturally contribute to the overall sequence-space progress and drive transmission
forward regardless of the currently active TDN.

Coordination. TDTCP’s single sequence number space eliminates the need for inter-subflow
coordination. MPTCP requires a scheduler to serve as the central point of coordination. It makes
a decision on which subflow to use when sending out a packet. In TDTCP, the active TDN is
dictated by the network: there is only one TDN available at any point in time. Because all TDNs
draw from one sequence space and one send buffer, a segment lost in one TDN need not wait for
that TDN to become active again. It is retransmitted at the next send opportunity, on whichever
TDN is active at that time, and immediately contributes to the connection’s forward progress.
The loss is still charged to the congestion state of the TDN on which the segment was originally
sent (§3.2.4), so that TDN’s window, and only that TDN’s window, is reduced. This is precisely
the behavior that lets TDTCP avoid the connection-level reinjection MPTCP uses to remap lost
segments across subflows [188], eliminating that mechanism’s implementation complexity and
performance overhead.

Receiver processing. MPTCP’s two-level sequence number space design requires runtime
translation between data sequence number and subflow sequence number. This means the receiver
also needs extensive modifications. However, with a single uniform sequence number space,
no receiver-side modification is needed to support TDTCP sequencing. The major downside
of TDTCP’s single sequence space and simple receiver behavior is cross-TDN reordering. We
describe the impact of this phenomenon and how it can be mitigated below.

3.2.4 Packet reordering

Since the days of Reno, TCP has employed a fast-recovery mechanism to ameliorate the impact of
packet loss. Specifically, segments deemed lost due to the receipt of three consecutive dupACKs
are queued for immediate retransmission. This time-tested heuristic builds upon an assumption
that no longer holds true in RDCNs: that a network path only slightly reorders packets, if at
all. In fact, most reordering seen in RDCNs is cross-TDN reordering, where packets and their
corresponding ACKs traverse TDNs with different latencies. Cross-TDN reordering does not
signal loss; ACKs are simply delayed due to increased path latency. If TDTCP were to continue
following TCP Reno’s fast-retransmit heuristics, it would spuriously retransmit a large number
of packets at each TDN transition (indeed, over 100 in our setting according to measurements
in §3.4.3). Notably, cross-TDN reordering arises only when the schedule transitions from a
high-latency to a low-latency TDN; transitions in the opposite direction cause packets to arrive
farther apart but still in order.

Cross-TDN reordering. Occurrences of cross-TDN reordering can be grouped into two
categories: data reordering and ACK reordering. Figure 3.3 shows an example of each: scenario
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Figure 3.3: Cross-TDN reordering scenarios. Time proceeds from top to bottom; arrows represent
TDTCP segments transmitted between sender and receiver.

(a) corresponds to data reordering, and scenario (b) represents ACK reordering. Every horizontal
slot in Figure 3.3 represents a unit of time ¢. One-way delays of the high-latency (yellow) network
and low-latency (green) network are 5¢ and ¢, respectively. Consecutive slots of identical color
represent the active duration of a TDN. For example, in scenario (a), the active TDN switches
every 3t. We label each data segment and its corresponding ACK with individual sequence
numbers for clarity. (In practice TDTCP continues to use payload-byte-based sequence numbering
and cumulative acknowledgments.)

Data reordering typically happens when the last few segments of a sending episode enter the
network after the new TDN becomes active. In scenario (a), segments 4—6 are sent later but arrive
before segments 1-3, causing reordering at the receiver. The receiver acknowledges segments 4—-6
and 1-3 in the order they are received. The arrival of ACKs 4—6 before 1-3 would be interpreted
by TCP Reno as a loss event, causing the sender to enter fast recovery mode and retransmit
spuriously.

In scenario (b), the receiver sends out ACKs in the expected order. However, half of the
ACKSs are transported by a different TDN with lower latency. ACKs 4—6 end up arriving at the
sender before ACKs 1-3. Unlike data reordering, ACK reordering is largely harmless because the
latter ACKs carry a higher acknowledgment number than the former ACKs. Following TCP’s
cumulative ACK semantics, upon receiving ACKs 4-6, the sender assumes segments 1-6 have all
been received, which implicitly nullifies the in-flight ACKs 1-3. When ACKs 1-3 arrive, they are
simply discarded.

Relaxed detection. In order to avoid frequent spurious retransmission, TDTCP relaxes the
triple dupACK heuristic with the help of per-TDN state and SACK support [62]. Whenever
TDTCP detects a gap in the sequence number space, it first inspects the associated TDN IDs of all
segments falling in the missing sequence range and compares them with a TDN change pointer.
The TDN change pointer tracks the final sequence number of the previous TDN/the first sequence
number of the new TDN. When packets in the “hole” have a different TDN ID than the ACK(s)
that triggered the heuristics, the sender suspects cross-TDN reordering. As a result, TDTCP does
not consider such segments to be lost and retransmits only those with a matching TDN ID (if any).
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Figure 3.4: An example of relaxed reordering detection.

TDTCP also updates the per-TDN congestion state machine associated with the lost segments;
TDNs with retransmissions will enter the recovery state. For cases where lost segments with a
different TDN ID are true tail losses (i.e., the last segments of a prior TDN really were dropped
by the network), TDTCP relies on RACK-TLP [40] to recover efficiently.

Figure 3.4 illustrates TDTCP’s relaxed reordering detection heuristic. When (pink) segments
sent over TDN 1 are acknowledged before outstanding (blue) segments from TDN 0, SACK
marks the successfully acknowledged segments and invokes fast recovery. All segments between
the snd_una pointer and the highest SACKed sequence number (dashed rectangles) might be
lost and potentially need to be retransmitted. However, TDTCP inspects the associated TDN
IDs of these packets and compares them with the TDN change pointer. (Dashed blue) segments
from TDN 0 are ignored since they belong to a different TDN and their ACKs are very likely just
delayed. Only one (dashed pink) segment belonging to TDN 1 is confirmed as a true loss, which
will be retransmitted. TDN O remains in Open state and is allowed to continue sending at full
speed; TDN 1, on the other hand, enters Recovery state due to the loss.

3.2.5 Fairness, generality, and limitations

Fairness. TDTCP does not propose a new congestion control algorithm (CCA). Rather, it simply
implements one of the available CCAs in each TDN. In principle, TDTCP could use multiple,
different CCAs within a single flow. In our current implementation, however, CUBIC is used in
all TDNs. We expect CCAs used within each TDN to have similar fairness properties as their
single-path siblings, over a long period of time. Short-term anomalies could however exist. An
in-depth investigation regarding fairness across TDNs and disparate CCAs remains as future work.

Generality. Hybrid, demand-oblivious RDCNs motivate our work, but TDTCP is potentially
applicable to any environment that satisfies a small set of conditions: (1) the network moves
between a fixed set of internally coherent conditions; (2) each condition recurs during the lifetime
of a connection and is stable and distinguishable enough to be modeled separately; (3) only one
such condition (path) is relevant at a time; (4) the two endpoints use consistent TDN identifiers;
and (5) hosts receive timely transition notifications. Environments beyond the setting we evaluate
are therefore potentially applicable rather than demonstrated. Satellite-based communication, for
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Figure 3.5: TDTCP packet formats: (a) ICMP for TDN change notification, (b) TCP option for
the TD_CAPABLE handshake, (c) TCP option of TD_DATA_ACK exchange.

instance, appears to be a good fit: satellite signal coverage has a periodic strong-weak pattern as
satellites orbit the earth, links are used when a strong signal is present, and fiber links between
ground stations serve as a backup when the signal is weak [92], with only one link selected at any
time.

Limitations. The main limitation of TDTCP is its operating regime. TDTCP is only useful
when the network conditions change with a certain frequency. Consider two extreme cases: (1)
TDNs change every few hours, (2) TDNs change every few nanoseconds. In case 1, a regular
single-path TCP performs well because few connections will ever experience a change in TDN,
and those that do can amortize any performance degradation over a very long period of time.
In case 2, traditional TCP variants can perform near-optimally because nanosecond-level TDN
changes will appear similar to per-packet load balancing. TDTCP is therefore intended primarily
for networks where the interval between TDN changes is on the order of 1-100 path RTTs; we
offer this range as a heuristic rather than a sharp boundary.

3.3 Implementation

We have implemented TDTCP in Linux 5.8 kernel with 11,798 lines of C code changes. The
code is open source and available at https://github.com/shuoshuc/TDTCP. In this
section, we describe a few implementation-specific considerations. More details can be found in
the source code, accompanying comments and corresponding documentation.

3.3.1 Packet format

TDTCP defines three types of packets for its operation. An ICMP packet is used for path change
notifications. A TCP handshake option is used to negotiate and establish TDTCP connections.
Another TCP option is used to inform the peer of the TDN path taken by the packet.

As discussed in §3.2.2, TDTCP uses a switch-generated path change notification to learn about
RDCN schedule changes. The active TDN ID field is carried as the first byte of the ICMP payload.
We assume the number of distinct paths in an RDCN is no more than 256, hence allocating a

29


https://github.com/shuoshuc/TDTCP

single byte in the packet. Should the use case require a larger integer, we can easily allocate more
bytes for it. Figure 3.5a shows the ICMP packet format of the notification.

3.3.2 Connection establishment

A TDTCP-speaking end host uses TCP header options inside of normal TCP connections. TDTCP
exposes the same application-level API as traditional TCP so it is fully compatible with existing
applications. TDTCP is also transparent to the application layer: it does not require multiple
network interfaces nor require the applications to make any decisions regarding path selection.

To enable hosts to establish a TDTCP connection, TDTCP defines a new TCP option (Fig-
ure 3.5b) of subtype TD_CAPABLE, indicating that the end host supports TDTCP. The option
also carries the number of TDNs observed by the end host. In our current implementation, the
two ends must both agree on the number of TDNs. Agreeing on the count alone, however, does
not guarantee that a given ID denotes the same network condition at both ends. The mapping
from TDN ID to network condition is established out of band by the RDCN control plane, which
assigns each configuration a globally consistent index and programs the ToRs that generate the
notifications accordingly. Both endpoints therefore inherit the same ID-to-condition mapping
from the network rather than negotiating it during the TCP handshake. On an established TDTCP
connection, all segments carry a TCP option with subtype TD_DATA_ACK (shown in Figure 3.5¢)
that contains the ID of the TDN on which the segment was sent. If the segment contains data, the
data TDN ID field should be properly filled and the D bitflag set, likewise for an ACK segment.
This option is used by the TDTCP state machines and heuristics to identify segment reordering.

Our current TDTCP implementation supports runtime RDCN schedule changes, but the new
number of TDNSs seen by both the sender and receiver must remain equal. TDTCP automatically
initializes a new set of state variables upon being notified of a new TDN for the first time. We have
also implemented the ability for a host to downgrade established TDTCP connections to regular
TCP. When doing so, only the local side is affected; the peer can continue to send TDTCP-enabled
segments but only regular ACKs will be returned. We find this feature quite helpful for debugging.

The initial SYN packet requires special handling during connection setup. Although it is
counted as a segment and increments packets_out, the Linux TCP stack does not keep a local
copy of it as it does for other segments. Moreover, there is not yet a notion of TDNs at this point
because the TDTCP negotiation has not completed. Consequently, when the SYN/ACK arrives,
packets_out should be decremented to reflect the delivery of the SYN, but TDTCP does not
know which per-TDN counter was incremented. To resolve this ambiguity, TDTCP treats the first
SYN as a special case and always tracks it under TDN O.

3.3.3 TDN state management

Mapping per-TDN state variables from design to implementation is not entirely straightforward.
Due to the way connection state is maintained in the Linux TCP stack, there are subtle semantic
differences affecting how per-TDN state should be managed, requiring case-by-case inspection.
At a high level, state variables fall into one of four different classes: current TDN, all TDNs, any
TDN and specific TDN. We provide examples of each below.
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Current TDN. The most common and natural semantic is for state to be accounted entirely
within the current TDN. For example, when transmitting new data, each segment is tagged with
the current TDN ID. Relevant state variables that track in-flight data such as packets_out
should be incremented for the current TDN only.

All TDNs. On the other hand, sometimes the state of other TDNs must also be considered.
Linux uses the variable packets_out inits tcp_ack () function to filter out ACKs that do not
need to be processed. If packets_out is 0, the ACK must be either stale or malicious because
no data is pending; hence, no ACK is expected. In the context of TDTCP, packets_out must
be 0 across all TDNs because an ACK can acknowledge data sent in any TDN. This means the
sum of all per-TDN packets_out should be used to verify ACKs.

Any TDN. TDTCP retransmits lost segments at the earliest opportunity, regardless of which
TDN was used originally to transmit them. The Linux TCP stack maintains variables ca_state
and lost_out to decide if a retransmission should be scheduled. If ca_state is Loss or
Recovery and 1ost_out is non-zero, Linux prioritizes retransmitting the lost segment(s). In the
context of TDTCP, retransmission needs to be scheduled if the above condition is true for any
TDN, which means a logical OR should be applied to the two variables of all TDNs.

Specific TDN. In the receiving path, an incoming (cumulative) ACK can acknowledge data
sent over multiple TDNs. When segments are acknowledged, their corresponding tracking
variables such as packets_out and retrans_out must be decreased to reflect the progress.
In the context of TDTCP, we identify the set of segments being acknowledged by scanning the
retransmission queue and obtaining the TDN ID associated with each one of them. The variables
packets_out and retrans_out are updated for the specific TDN associated with each.

3.3.4 RTT estimation

RTT estimation faces the same problem as in §3.2.4. Regular TCP assumes stable routing when
collecting RTT measurements, i.e., that the samples always reflect properties of the same network
condition. However, TDTCP may sample three distinct conditions even with only two TDNs.
Let the one-way delay of TDN ¢ and TDN j be denoted as %RTTZ- and %RT T}, respectively.
Type-1 samples measure R1'T;, type-2 samples measure 1T}, and type-3 samples measure
%RTTZ- + %RT T;. Type-3 samples arise when a segment and its ACK traverse different TDNs.

We seek to discard type-3 samples and match type-1 and type-2 samples to their corresponding
TDNs. To achieve this goal, TDTCP makes use of the TD_DATA _ACK option and its local
per-segment state tagging. TCP already uses the Karn-Partridge algorithm [119] to filter out
retransmitted segments in RTT measurement; TDTCP further ignores samples with different
data and ACK TDNs. The remaining samples are matched to the appropriate TDN based on
information in the option.

One special consideration is the timeout value used by the retransmission timer. TDTCP
only knows which TDN a segment is sent on, but cannot predict in general upon which TDN
the corresponding ACK will return. In order to avoid premature timeouts, our current TDTCP
implementation pessimistically assumes ACKs will return on the TDN with largest RTT. The
timeout value of a segment sent on TDN n is based on a synthesized RTT of %RTTM— %RTTSloweSt.
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Figure 3.6: Our Etalon deployment. The emulated packet and circuit networks are 10 Gbps and
100 Gbps, respectively. Note Etalon only emulates the RDCN, the hosts are implemented as
containers on physical machines.

3.4 Evaluation

We evaluate TDTCP using our in-kernel Linux implementation on a small-scale testbed using
Etalon [169], an RDCN emulator. First, we compare TDTCP performance to leading data center
TCP variants in an RDCN setting: §3.4.2 shows that TDTCP achieves high throughput and low
switch-buffer occupancy for long-lived flows despite both bandwidth and latency differences.
Then, we revisit design decisions on reordering and TDN change notification in §3.4.3 and §3.4.4
through microbenchmarks.

3.4.1 Etalon testbed

Etalon is a software RDCN emulator based on the Click modular router [127] and DPDK [64].
We configure Etalon to emulate a simple two-rack demand-oblivious hybrid RDCN topology, as
illustrated in Figure 3.6.

Hardware. We use two physical servers to emulate two racks of hosts; Etalon itself runs
on a third server. We fix the source and destination of all connections in our experiments to use
hosts attached to one of these two racks. We can emulate any scale of RDCN using this topology
by pinning flows between this pair of racks. Each server runs 16 Docker containers [158] to
emulate 16 distinct hosts residing in the rack. All servers have two 20-core Intel Xeon E5-2680
CPUs, 128 GB of memory, a 10 Gbps NIC for the control network, and a Mellanox ConnectX-3
40 Gbps NIC for the data network. We use £f1owgrind [253] to generate cross-rack flows over
the data-plane network. Note that TDTCP is running in the actual Linux kernel networking stack,
not through emulation or simulation; only the network itself is emulated.

RDCN configuration. In order to emulate a realistic target RDCN, we set the path-related
parameters in Etalon according to §3.1.1. The number of TDNs is set to 2: TDN 0 corresponds
to the EPS network and TDN 1 to the OCS network. The bottleneck bandwidth/average RTT of
TDNs 0 and 1 are 10 Gbps/100 us and 100 Gbps/40 us, respectively. Etalon emulates two ToR

32



virtual output queues (VOQs) for each rack, one for each traffic direction, which can be either
static or reconfigurable at runtime. As a baseline configuration, we set the VOQ size to 16 packets
(with jumbo frames [51] enabled). This is slightly larger than the packet network bandwidth-delay
product, which has been shown to be sufficient for both TDNs [13]. One limitation of our testbed
is the 40-Gbps hardware. In lieu of 100-Gbps network devices, we leverage time dilation [84] to
“slow down” the end hosts. As a result, we are able to emulate a 100-Gbps network using only
5 Gbps of physical network capacity by dilating time by 20x.

0]
[}
oC)ASOO ! i 1 — optimal
=S 600 3 i retcpdyn
e ! {} — tdtc
22400 %{/ — retcg
25 | (= ——" — dctcp
-8 ; = | | — cubic
9] — !
k] § 200 % f mptcp2f
gc 0 = | i | — packetonly
i 0 1000 2000 3000 4000
Time (us)
(a)
- 40 T
% 30 retcpdyn
2 : . — tdtcp
= | | — retcp
£20 | z - — dctcp
o, i : i —r=| | — cubic
6 b \_/-4/'/#1 Iw Iu E mptepf
g 0 g yl. HMI
0 1000 2000 3000 4000
Time (us)
(b)

Figure 3.7: TCP throughput and switch buffer utilization under both bandwidth and latency
difference: (a) sequence graph of each TCP variant, (b) ToR VOQ utilization over time (capped at
16 for all but reTCP with dynamic buffers, ret cpdyn).

We measure long-lived cross-rack flow throughput for the various TCP implementations under
a single representative RDCN schedule; all 16 hosts in one source rack transfer bulk data to their
corresponding hosts in the destination rack. All flows are configured to start at the same time and
last for 40 seconds. We deploy a pre-computed static schedule (in the fashion of RotorNet [154])
that consists of a variable number of 180-microsecond-long configurations. In every configuration,
the racks are either connected directly to one another through the OCS (i.e., TDN 1) or to all other
racks through the packet-switched network (TDN 0). Each configuration is separated out by a
blackout (reconfiguration) period of 20 microseconds. Our experiments focus on a schedule with a
6:1 ratio of packet to optical TDNs, which naturally corresponds to an 8-rack hybrid RDCN where
each rack is directly connected to the others in 1 out of every 7 OCS configurations. TDTCP has
the most advantage over other TCP variants with ratios on this order. We leave it as future work to
study TDTCP’s performance when operating under extreme ratios.

We focus exclusively on long-lived flows because short-lived flows are unlikely to benefit
from TDTCP. For example, remote procedure call workloads that last a few RTTs likely only exist
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during one TDN. Even flows lasting tens of RTTs would terminate before exiting slow start in
either TDN. In such cases, a larger initial cwnd would be more helpful than TDTCP. Overall, we
do not expect TDTCP to impact the completion time of short-lived flows but a full treatment is
outside the scope of this chapter.

3.4.2 Bandwidth and latency difference

(0]
)
b s 800 — optimal
> |
o9 ' : : retcpdyn
g S 600 i i Y — tdtcp
X | ; —
& <400 | ' © T derop
()] 1 |
5.8 ; i —— 1 — cubic
% g 200 % mptcp2f
gc 0l— - | ; i | — packetonly
o 0 1000 2000 3000 4000
Time (us)
(@)
040 ] ]
%30 retcpdyn
3 | | ' | — tdtcp
= A { i — retcp
£20 { /] | ]
=) i/ i . —dctgp
5 10 NEPP Y N o] — cubic
— 10 { mptcp2f
o .‘ u i
>0 '.’Lu e ]
0 1000 2000 3000 4000
Time (us)
(b)

Figure 3.8: TCP throughput and switch buffer utilization with only bandwidth difference: (a)
sequence graph of each TCP variant, (b) ToR VOQ utilization over time (capped at 16 for all but
reTCP with dynamic buffers, ret cpdyn).

To understand the reasons behind TDTCP’s superior performance we compare TDTCP with
a wide variety of common TCP variants used in data centers: single-path TCP CUBIC and
DCTCP [8], and MPTCP with two subflows, one for each network condition. In addition, we also
compare to reTCP [169], an approach to improving single-path TCP performance in RDCNs that
requires active switch buffer management.

Figure 3.7 shows a side-by-side comparison of how each TCP variant performs when an RDCN
oscillates between two conditions with differences in both bandwidth and latency. Specifically,
the shaded area shows time periods when the source and destination racks are directly connected
by the high-bandwidth/low-latency (optical) path; otherwise the connections are over the low-
bandwidth/high-latency (electrical) path. Figure 3.7a shows the relative sequence number increase
over time, which reflects the overall flow throughput. The “optimal” line plots the upper bound
where an idealized TCP fully utilizes both conditions. The “packet only” line shows the same
idealized TCP using the packet network only (i.e., it remains on the packet-switch fabric even
with the optical path being available). The difference between these two lines represents the
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Figure 3.9: TCP throughput with only latency difference at 100 Gbps bandwidth. (TDTCP and
CUBIC perform almost identically.)

potential gain a TCP connection can capture in this RDCN by making use of the additional optical
capacity. Note that the plots represent a ~4-ms period during the experiment, not the absolute
start (although both = and y axis values are normalized to the start of the plotted period). As a
result, the performance of each variant is not necessarily equal even in the first TDN due to the
state (e.g., send window and RTT estimates) accumulated earlier in the trace (c.f. Figure 3.9).

TDTCP substantially outperforms CUBIC, DCTCP, and MPTCP, as none of the traditional
variants are able to effectively make use of the additional capacity made available by the optical
link. Quantitatively, TDTCP achieves 24% higher throughput than single-path CUBIC and DCTCP
and 41% higher throughput than MPTCP in this representative setting. The only competitive
alternative is re TCP, but it requires sophisticated dynamic switch buffer resizing [169] in order to
be effective. The reTCP-with-dynamic-buffers line (labeled ret cpdyn in the plots) corresponds
to a setting where the ToR enlarges its VOQ size to 50 packets at 150 microseconds ahead of the
TDN change, and notifies reTCP to ramp up its congestion window. Thus, reTCP is able to pre-fill
the VOQ and starts bursting at high bandwidth immediately after the TDN switch. In contrast,
reTCP without dynamic buffer resizing (“retcp”) sees a similar throughput to other single-path
TCP variants. TDTCP, on the other hand, does not require any buffer resizing at runtime. In fact,
Figure 3.7b shows that TDTCP’s VOQ utilization is the lowest among all of the TCP variants we
consider.

One pattern worth noting in TDTCP’s VOQ curve is the spike when the RDCN transitions
from high bandwidth/low latency to low bandwidth/high latency. We refer to the spike as the
initial burst. The initial burst occurs because TDTCP is switching to a wide-open congestion
window with near-zero inflight for the new active TDN. During the previous (optical) TDN, no
new segments were arriving at the ToR’s packet queue while virtually all in-flight packets have
been drained. This process opens up the packet TDN’s congestion window, hence the sender
transmits a cwnd-sized burst upon receiving the TDN change notification. Techniques such as
sender pacing can help prevent the potential switch buffer overflow.

To differentiate the impact of bandwidth difference versus latency difference on flow through-
put, we repeat the same experiments but configure Etalon with only bandwidth difference or only
latency difference at a time. Figure 3.8 shows the results for an RDCN with only bandwidth dif-
ferences. Figure 3.8a suggests both CUBIC and DCTCP are able to adapt to bandwidth variation
alone; they only slightly underperform TDTCP in this setting (although MPTCP still struggles).
Interestingly, the reTCP results suggest that dynamic buffer resizing, in the absence of latency
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Figure 3.10: ToR VOQ utilization for an RDCN with only latency differences (max VOQ size
is 16 packets for all cases except reTCP with dynamic buffers, ret cpdyn). Packet and optical
RTTs are 20 ps and 10 ps, respectively. Bandwidth is fixed.

variation, can achieve near-optimal throughput. Without it, however, reTCP falls back in line with
the other variants. Figure 3.8b shows that VOQ occupancy is largely unchanged in this scenario,
with TDTCP still the clear winner.

Next, we consider a setting where the two TDNs have equal bandwidth but differing latency,
such as in a multi-hop Opera-style [156] RDCN. Figure 3.9 illustrates the throughput when
link bandwidth is 100 Gbps. Because both TDNs have identical capacity, the optimal line and
packet-only line almost overlap; the packet-only performance is slightly higher because flows in
packet-only mode do not experience the reconfiguration blackout period. All of the buffer-filling
TCP variants see similar throughput while DCTCP, a latency-sensitive variant, performs worse
than its peers (with MPTCP again bringing up the rear). We hypothesize that the TDTCP approach
could allow even latency-sensitive CCAs to perform well in such RDCN setting, but leave this
topic to future work.

The VOQ behavior in this latency-only regime, shown in Figure 3.10 for both 10 and 100 Gbps,
reinforces TDTCP’s low-buffer advantage. TDTCP’s buffer occupancy stays in line with CUBIC,
DCTCP, and MPTCP, whereas reTCP again builds up large queues ahead of circuit start. Because
bandwidth is fixed here, the circuit bandwidth-delay product is actually smaller than that of the
packet network (the circuit has lower latency), so reTCP’s queue-building is mismatched, whereas
TDTCP attains high throughput without it.
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Figure 3.11: CDFs of (a) reordering events and (b) packets subject to potential spurious retrans-
mission, per optical day. Note the y-axis does not start from O.

3.4.3 Reordering

At first glance, CUBIC’s performance under latency variation is surprising, as TDTCP includes
numerous heuristics (§3.2.4) to avoid packet reordering that one would expect to result from
transitioning from a high-latency (packet) TDN to one with much lower latency (optical). To
understand this behavior, we plot the number of reordering events in each optical day and the total
number of packets impacted by this reordering. In one reordering event, multiple packets could be
affected if their sequence numbers all fall into the gap between cumulative ACK sequence number
and SACK sequence number. The total number of affected packets is the number of segments
that will be resent as spurious retransmissions (if the congestion window permits). The measured
reordering includes both cross-TDN reordering and intra-TDN reordering, which is an intrinsic
property of the TDN itself.

Figure 3.11 depicts the cumulative distributions of reordering events and retransmitted packets
per optical day, for 3 representative TCP variants: CUBIC, MPTCP and TDTCP. CUBIC does, in
fact, experience significant reordering and spurious retransmission: 15 packets are retransmitted
per TDN transition at the 90th percentile and 133 at maximum. TDTCP effectively cuts off the
tail, as only 7 packets are retransmitted at the 90th percentile with a maximum of 54. Moreover,
80% of the transitions to the optical TDN do not experience any reordering or retransmission at
all. Hence, we conclude that CUBIC’s impressive performance is a result of the sophisticated
heuristics implemented in the Linux stack that are able to maintain an appropriate congestion
window and high utilization despite significant reordering. Less finely-tuned stacks are unlikely
to perform as well. We note that MPTCP maintains separate subflows for each of the two TDNs,
so there should be no reordering due to TDN transitions. Hence, one can interpret the MPTCP
line in these plots as a measure of the baseline intra-TDN reordering during the experiments.

3.4.4 TDN change notification

Following discussions in §3.2.2, we analyze some TDTCP traces and identify the component
breakdown of end-to-end notification delivery latency. Barring the physical propagation delay, top
contributing components are ToR-side packet generation and host-side notification processing. We
list 3 concrete optimizations below that prove effective in reducing the component latency. These
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Figure 3.12: TDTCP performance with and without all optimizations on TDN change notification.

optimizations combined improve TDTCP’s throughput by 12.7%, as demonstrated by Figure 3.12.

First, ToRs can use caching to minimize delay: by constructing an empty ICMP packet in
advance and keeping it cached in memory, ToRs can just fill in the TDN ID and immediately send
the packet out when needed. Compared to constructing a new packet from scratch every time,
caching reduces the delay in sending out the notification in our software switch by 8 at the 50th
percentile and 2.7 x at the 99th.

Second, our initial implementation follows a “push” model to distribute new TDN IDs: the
kernel loops over all established TDTCP flows and updates their current TDN IDs one by one.
This scales poorly and the unlucky flows which see the TDN update after others get less time
to send. Instead, we change to a “pull” model where each TDTCP flow checks a global TDN
variable protected by a read-write lock when they need to send or process incoming packets. The
time to update all TDTCP flows is reduced by 3 orders of magnitude.

Finally, using a separate dedicated network to send and receive the ICMP packets can eliminate
the extra queueing delay on a busy data plane interface with a lot of incoming/outgoing data
packets. This optimization lowers the one-way delay between sending out an ICMP packet and
completion of receiver processing by 5x at both the 50th and 99th percentiles.

3.5 Related work

Existing TCP variants rely on in-band signals such as packet loss [86, 87], delay [30, 34], and
explicit switch feedback [8] to estimate a fair share of the path bandwidth. TDN changes interfere
with these signals, leading to estimates that tend to average across TDNs rather than track
individual TDNs. TCP variants for high-speed networks ramp up more aggressively [61, 87]
and can recover more quickly from estimation errors, but do not address the root of the problem.
Wireless networks, with highly-variable bandwidth and frequent packet drops, have spurred
research on modeling bandwidth fluctuations [230] and differentiating between congestion loss
and random loss [65, 150]. RDCNs, on the other hand, can provide certainty regarding the current
network conditions, which should in theory enable better performance.

TCP over multiple networks. MPTCP [231] is similar in spirit to TDTCP in that it divides a
connection into multiple subflows that traverse (potentially) different paths, such as simultaneous
WiFi and cellular connections on a mobile device. While theoretical analysis shows MPTCP
can perform optimally by leveraging the least-congested path, our experiments show it is not
well equipped to switch rapidly between subflows when the subflows experience periods of
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disconnectivity as they do in RDCN.

One recent proposal, reTCP [169], focuses specifically on the RDCN environment and advo-
cates for explicit support from ToR switches, which entice senders to ramp up their transmission
rate before additional bandwidth becomes available by dynamically increasing the size of switch
buffers in advance of circuit establishment. Furthermore, reTCP requires ToR switches to mark
packets to inform senders when their flows traverse an optical network; senders then react by mul-
tiplicatively increasing their congestion window. TDTCP builds on the idea of explicit notification
regarding network conditions but eschews such elaborate switch support. Moreover, TDTCP is
general, supporting an arbitrary number of distinct TDNs with various properties, not just the
bimodal fabric reTCP presumes. Even still, our experiments show that TDTCP’s performance is
competitive with reTCP in precisely the environments for which reTCP was designed without
requiring its extensive changes to ToR switches.

RDCN technologies. Our evaluation focuses on one particular class of RDCN, but there
are many others in the literature. In hybrid RDCNs [55, 88, 144, 224], the OCS network is
an accelerator for an existing packet network, and thus uses the packet network to hide the
OCSes’ limited connectivity. Alternatively, OCS-only RDCNs [20, 35, 74, 89, 154, 156] do not
include a separate packet network; instead, ToRs with no direct connectivity send traffic through
transit ToRs or hold traffic until direct connectivity is restored. In either case, the number and
frequency of TDN changes can vary. In demand-aware RDCNss [35, 55, 74, 88, 89, 142, 180],
a controller collects real-time traffic demand information and calculates a schedule that serves
the current demand. More recent demand-oblivious RDCNs [154, 156] cycle through a set of
configurations that together provide all-to-all connectivity, avoiding runtime calculations by using
a fixed schedule. TDTCP is applicable in either case; all that is required is that ToRs notify the
senders of the upcoming TDN when they change configurations.

3.6 Conclusion

TDTCP is a new TCP variant designed to make efficient use of a broad range of recent RDCN
proposals that provide time-division multiplexed network paths between communicating end
hosts. TDTCP monitors path characteristics of different TDNs using independent copies of
TCP state variables, leverages switch-generated path change notifications to rapidly converge
to the optimal congestion state, and relaxes TCP’s fast-recovery heuristics to avoid spurious
retransmissions when network conditions change. We have implemented TDTCP in Linux kernel
5.8 and evaluated its performance on a small-scale (emulated) RDCN testbed. Results show that
TDTCP substantially decreases queue occupancy within the network and outperforms traditional
single-path TCP variants such as CUBIC and DCTCP for long-lived flows. TDTCP is competitive
with reTCP, a proposal targeting a particular class of RDCNs, but does not require switches to
dynamically adjust buffer sizes as reTCP does.

Seen against the thesis’s arc, TDTCP shows what the thesis statement asks of the transport
layer: the redesign that lets an RDCN deliver on its promise is not a tuning of existing congestion
control but a structural change to it, one that models each configuration on its own and swaps
between them as the network rotates. Two lessons carry beyond transport. First, endpoints cannot
infer a reconfigurable fabric’s behavior from the traffic alone; they must be told, and the RDCN’s
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own control plane, which already decides every reconfiguration, is the natural source of that
signal. Second, because existing protocols were built for networks whose latency and bandwidth
hold still, they falter precisely where an RDCN changes them most, so an RDCN redesign must
confront those regular, drastic changes head-on rather than treating them as anomalies. TDTCP
does both while leaving the network oblivious to real-time demand, riding whatever schedule the
OCS happens to present. The next chapter takes the first step away from that obliviousness: it lets
the fabric allocate bandwidth in response to measured demand, and in doing so trades transport’s
broken assumption of stable connectivity for a new one, that the bandwidth between any two
points is uniform, moving the redesign up the stack from transport to traffic engineering.
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Chapter 4

Precise Data Center Traffic Engineering

The previous chapter redesigned transport for a fabric that rode a fixed schedule, oblivious to
which servers actually needed to talk. This chapter takes the first step away from that obliviousness,
moving one notch toward the specialized end of the spectrum of Chapter 2. Here a general-purpose
reconfigurable data center replaces its Clos spine with an OCS layer that allocates bandwidth
between aggregation blocks in response to measured demand rather than provisioning it uniformly
and statically. That shift breaks a different assumption than the one transport relied on: not
the stability of connectivity, but the uniformity of bandwidth, since a spine-free fabric offers
unequal, reconfigurable paths the network can no longer treat as interchangeable. Making the
fabric demand-aware is thus the second of the thesis’s three redesigns, and it falls not on transport
but on traffic engineering, the layer that decides how traffic is spread across those uneven paths.
What makes this more than a routing problem, and what the thesis statement anticipates, is that a
reconfigured, non-uniform topology also changes what the control plane can feasibly install in
real switch hardware: the difficulty lies not in computing a good routing plan but in realizing it
within the finite forwarding tables of real switches.

DCNs use high-bandwidth links, richly connected topologies, and large-scale deployments
to meet growing application needs. However, these additional resources come at a significant
cost and DCN operation must ensure efficient utilization of the network infrastructure. TE plays
a critical role in addressing this efficiency need by routing traffic over carefully chosen paths.
Existing TE designs consist of two parts: (1) calculating the optimal plan for mapping of flows to
links, which is called the TE solution; (2) implementing the TE solution on data plane switches,
which we call TE implementation. Past TE research [4, 5, 9, 24, 80, 102, 121] has mostly focused
on the TE solution, but the TE implementation impacts operational efficiency greatly and, despite
this, has received much less attention.

Equal-Cost Multi-Path (ECMP) [101] is the most widely adopted method to implement TE
solutions because of its universal hardware support. Weighted-Cost Multi-Path (WCMP) [249] is
an extension of ECMP that supports a weighted split of traffic among paths by using forwarding
table entry replication. This enables finer-grained traffic control but can consume much more
space in the switch hardware table. As a result, two problems occur. First, some groups (the data
structure that implements weight distributions in the switch) used by the TE solution cannot be
installed in the switch after the switch group table becomes full, leading to traffic loss. Second, if
the weights are adjusted to use less space in the group table, the resulting TE implementation may
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have poor TE performance. We refer to the difference between link utilization of the TE solution
and of the TE implementation as the precision loss.

Recently, spine-free DCN designs [19, 153, 157], the OCS-based spine replacement introduced
in Chapter 2, replace the traditional Clos topology with clusters connected as a full mesh. Spine-
free design reduces the total cost of ownership and accelerates DCN evolution, but we found that
it also increases usage on the group table, exacerbating WCMP’s performance issues.

We seek to answer this question: how to implement TE solutions with high precision given
constrained hardware space? Adjusting weight distributions of groups proves effective in lowering
table space requirement. However, when we compared the groups retrieved from production
switches with the TE solution, we found that the precision loss is often high. We analyzed the
differences, which led to several insights on how to reduce the group table usage with lower
precision loss: (1) Groups that serve significant traffic contribute disproportionally to the precision
loss. They should be given more group table space. (2) Some groups have very skewed weight
distributions and consume many table entries. Normal weight adjustment that preserves all paths
struggles to avoid high precision loss. However, certain paths can be pruned from the distribution
to significantly lower the table space requirement, often with little impact on precision loss. (3)
After adjusting weights, some groups can become identical. Deduplicating such groups frees up
group table space without incurring precision loss.

We develop three heuristics based on the insights: (1) traffic-aware resource allocation, (2)
prune paths, and (3) deduplication. We then implement two algorithms that map TE solutions
to switch hardware, applying the above heuristics. They both aim to minimize precision loss
while adjusting group weights to meet the hardware resource constraint. Heuristic 2 is invoked
conditionally when the resource constraint is otherwise impossible to satisfy. The two algorithms
make different trade-offs: one has very low precision loss, while the other runs faster but with
higher precision loss in some cases.

Since evaluation in production DCNs could impact user traffic, we built a data center TE
evaluation framework named FabricEval that allows us to run controlled experiments using
production-like DCN topologies and traffic loads. Our implementations of the algorithms are
compared to the state-of-the-art approach [249] under both common and extreme DCN configura-
tions. Results show that our design implements TE solutions with no more than 7% precision loss,
while using the state-of-the-art approach can have up to 67% precision loss. Furthermore, our
design achieves a 10x execution speed improvement over the existing approach and successfully
avoids traffic loss triggered by exhausted hardware resources.

In summary, this chapter makes the following contributions:

* We quantify the TE precision loss problem for a variety of DCN topologies, scale, and

traffic patterns. Our study identifies five root causes of precision loss (§4.2).

* We present two algorithms with different speed and optimality trade-offs that can generate
high precision TE implementations, at the same time complying with hardware resource
constraints (§4.3).

* We develop a TE evaluation framework that mirrors Google’s production DCNs and TE
system and use it to evaluate our design (§4.4).

* We release the source code of our algorithm implementation and the evaluation framework
FabricEval [1].
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Figure 4.1: Hardware representation of flows/groups, and a demonstration of group reduction.

4.1 Background

We provide an overview of how data center TE systems are designed, as well as the hardware
resource constraint these systems face. We then describe how the emerging spine-free DCN
architecture differs from the traditional Clos-based design from a TE perspective.

4.1.1 Traffic engineering in data center networks

End hosts in DCNs are densely connected by many paths traversing different switches. The TE
system acts as a centralized controller that manages all links/switches and routes traffic end-to-end
via available paths. It looks for an optimal plan to fulfill a list of goals, including serving all traffic
demands (bytes to send between each source-destination pair), maximizing flow throughput,
balancing link loads etc. The TE problem is typically formulated as a multi-commodity flow
(MCF) optimization problem. Though it is theoretically possible to obtain a TE solution by
solving an MCF with comprehensive constraints, e.g., switch group table size limits, the scale of
today’s DCNs makes this approach prohibitively expensive. Common TE systems break the task
into two steps: first generate a TE solution to the MCF problem without hardware constraints, and
then map the TE solution to a data plane TE implementation. Some TE systems generate solutions
hierarchically [60] for better scalability, but this does not impact the TE implementation step, the
focus of this chapter.

The TE solution specifies for each demand which paths to use and how much traffic to place
on each path. When paths diverge at a switch, the demand is split by a ratio (weight distribution)
according to the routing decision. The TE system updates each switch along the paths to reflect
the routing decision. To map the TE solution to a TE implementation, the end-to-end TE solution
first needs to be broken down into switch-local routing decisions. Next, switch-local decisions are
translated to switch rules, namely longest prefix match (LPM) entries and groups, and installed on
switches using switch control plane APIs (e.g., OpenFlow/SDN [151]).

An LPM/flow entry points to a group that is used for packet forwarding (see the pre-reduction
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Table 4.1: Switch hardware profile of an example deployment.

Switch generation Port speed Group table size
Gen. 1 40 Gbps 4096 entries
Gen. 2 100 Gbps 16384 entries
Gen. 3 200 Gbps 32768 entries

phase in Figure 4.1). A group consists of a set of ports, each with an integer weight reflecting
the rounded fractional traffic volumes assigned to each path. Weight distributions are achieved
via port/entry replication since all entries in a group are selected by uniform hashing with equal
probability at runtime. When ECMP is used, each port in a group uses exactly one entry in the
group table, which is very efficient. With WCMP, the entries a port uses is proportional to its
weight in the group. It is easy to see that the number of entries needed depends strongly on the
weight ratios, e.g., G1={p1: 85; p2: 68} will require a lot of entries.

The group table space is a scarce resource. Table 4.1 lists the group table capacity of a few
types of switches found in production DCNs. Given the large number of flows, and the use
of WCMP in today’s DCN:s, it is hard to avoid exhausting the group table. A group reduction
algorithm is needed to reduce group sizes, the sum of entries used by each group, so that the TE
solution fits in the group tables. The group reduction algorithm should generate a new weight
distribution that closely approximates the original one. For example in Figure 4.1, groups G1-G’3
can be reduced to G , and (5 with minimal precision loss, while lowering table usage from 259
to 10 entries (more details given in §4.2 and §4.3). The state-of-the-art group reduction algorithm
is called WCMP TableFitting [249].

4.1.2 Spine-free data center networks

Until recently, DCNs have used a traditional Clos topology that connects clusters to a spine layer,
as illustrated in Figure 4.2 (top left). Inside each cluster, a non-blocking tree topology connects a
large number of hosts. In this chapter, we consider a three-stage cluster layout, as illustrated in
Figure 4.2 (right). Stage 1 (S1) switches are also called ToR switches. Stage 2 (S2) and stage
3 (S3) switches are aggregation switches. The S2 and S3 switches in each cluster also form an
aggregation block.

Clos DCNs can use all links leaving a cluster to reach another cluster (assuming no failure)
because they belong to the same shortest path. For example, for cluster 1 to reach cluster N
in the traditional Clos DCN in Figure 4.2, there is only one shortest path: (D— @) through the
spine. The spine is often the link speed bottleneck of all paths because of infrequent upgrades.
TE in Clos DCNs is thus straightforward, with all links running at the same speed after speed
auto-negotiation, flows are spread across links in the shortest path in the form of either ECMP
or very simple weight distributions (e.g., due to asymmetric link striping or some out-of-service
links). In a cluster with egress demands, each switch has one flow entry matching the aggregated
IP prefix of each destination cluster. Every flow references an individual group that contains ports
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Figure 4.2: Traditional Clos and spine-free DCN topology. A path segment is an abstraction of
parallel physical links.

used for reaching the next-stage switches, e.g., S1—S2 and so on'. Groups on S3 switches contain
ports to the spine.

The spine layer is expensive and requires frequent upgrades to keep up with the growing traffic
demand. As Chapter 2 described in its spine-replacement use case, DCNs overcome this cost by
moving to a spine-free topology enabled by OCS [216] that directly connects the clusters using
a full mesh, as illustrated in Figure 4.2 (bottom left). Note that the intra-cluster topology and
number of links coming out of a cluster remain the same.

TE in spine-free DCNSs is different and more challenging to implement than in Clos DCNss
in two ways. First, link speed differences hidden by the slow spine layer are now exposed. This
translates to more skewed weight distributions in groups, which consume more hardware resources.
Second, spine-free DCNs have far fewer direct-connect links in the shortest path between clusters.
In order to support high traffic volumes, non-shortest-path forwarding must be adopted to utilize
all links. In the spine-free DCN of Figure 4.2, cluster 1 can reach cluster N via the direct path (3),
as well as multiple indirect paths such as @— Q) through cluster 2. However, graph theory shows
that longer paths lead to higher bandwidth overhead and lower flow throughput [206]. Therefore,
the length of non-shortest paths is limited to two hops, i.e., a flow can transit through at most one
intermediate cluster to reach the destination. We term these two types of paths direct and indirect
paths. In practice, TE avoids using all indirect paths simultaneously since this leads to a Valiant
Load Balancing (VLB) scheme [245] with higher link loads, although VLB does reduce the group
table footprint. The benefits of combining VLB with WCMP are left for future work.

For both direct and indirect paths, switches of the source cluster need to install flows and
groups the same way as in Clos DCNs. We call these src-typed flows/groups. In addition, the
intermediate cluster in an indirect path uses separate t ransit-typed flows/groups to forward
traffic from source clusters to the final destination. Indirect-path traffic only traverses the ag-
gregation block. transit flows are installed on all S2/S3 (but S1) switches to match on the

A small, constant number of static flows/groups are installed on each switch to handle intra-cluster and ingress
(destination) traffic. They are not an important factor in the discussion of this chapter, hence ignored.
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Figure 4.3: (a) 30-day time series of maximum group table usage in 3 arbitrary production fabrics.
Usage is normalized to the table size of each switch. (b) Normalized link utilization CDF plotted
from the TE solution and TE implementation in one of the spine-free fabrics. (c) Normalized link
utilization CDF in a traditional Clos fabric of scale similar to the fabric in (b).

source and destination prefixes. Corresponding t ransit groups reflect indirect-path traffic in
the direction of S3—S2—S3.

4.2 TE precision loss challenges

To illustrate the pressure on group tables, Figure 4.3a shows the group table utilization on Google’s
production spine-free fabrics. We see that group table usage can be as high as 90-100%. However,
high table usage does not directly represent the negative impact on traffic. The key network-level
metrics are the traffic load and loss on each link. We observed that high table usage strongly
correlates with high link utilization. For example, Figure 4.3b shows the actual link utilization
in a spine-free fabric in which the TE implementation produces a maximum table utilization of
90%. We see that the TE implementation results in a much more imbalanced link utilization
distribution compared to the (ideal) TE solution. Moreover, 15% of the links exceed the maximum
link utilization. The worst few links see an actual utilization 5 times higher than that of the TE
solution, resulting in congestion loss. Figure 4.3c shows that a Clos fabric of similar scale also
experiences precision loss due to group table constraints, although the problem is less severe. We
focus our discussion on a spine-free TE setting, though our findings also apply to Clos DCNs.
We compared a large number of TE solutions and their resulting switch implementations and
identified five key challenges that exacerbate precision loss: (1) Large network scale leads to more
groups sharing hardware resources; (2) TE solutions are generated without considering hardware
constraints and often contain skewed weights that are difficult to reduce; (3) Heterogeneous DCN
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Figure 4.4: (a) Abstract view of a small spine-free network. (b) Cascading precision loss in a
two-stage aggregation block. Desired traffic is in dashed blue, actual traffic is in solid red.

hardware subjects parts of the network to higher precision loss; (4) Diverse paths in spine-free
TE result in larger group sizes; and (5) The cascading impact of errors in one stage to the next in
multi-stage DCNs increases precision loss multiplicatively. We now explain these challenges in
detail.

(D Scalability challenge. The total number of flows/groups to install on a switch increases
with the number of clusters because each cluster has demands for virtually all clusters. As the
number of groups in a table increases, each group has to use fewer entries, resulting in higher
precision loss overall.

Considering the Clos and spine-free DCNs in Figure 4.2, hosts in each cluster are usually
assigned continuous IP addresses that aggregate into a single prefix. The number of distinct
prefixes equals the number of clusters N. In Clos DCNs, each switch needs to support N-1 src
flows/groups, one for each destination cluster. In spine-free DCNs, each switch not only has N-1
src groups, but also one t ransit group for each indirect path traversing it. In the worst case,
a cluster can be used by all (N-2) source clusters to reach (N-1) destination clusters indirectly.
This sums up to (N-1)(N-2) t ransit groups on each aggregation switch.

@ Skewed weights challenge. Since the TE system is not aware of any hardware resource
constraint, the TE solution it generates may include highly skewed traffic distributions. Consider
the example in Figure 4.4a, demand C—B has a total volume of 61G. The TE solution assigns
1G to path C—D—B and 60G to path C— B, a rather skewed split because path C—A—B has
no slack capacity left and at least two paths must be used for diversity. Aggregation blocks A,
B, C, and D each has four physical S3 switches. The four switches in each block are connected
pair-wise (via four links) to the four switches in each of the other blocks. As a result, the src
group for demand C—B on the S3 switches in C has a weight distribution of 0.25 : 15, which is
rounded to 1 : 15.

Demand C—B experiences precision loss for two reasons. First, rounding weights to integer
as required by the hardware triggers precision loss. We could also use 1 : 60, but this increases
the group size. Second, if we cannot afford 16 entries, we can reduce the larger weight while
retaining all member ports in the group, which is a common group reduction behavior. However,
this further increases precision loss and leads to oversub(scription) on link C—D. In the worst
case, 1 : 15 is reduced to 1 : 1 (ECMP), resulting in an oversub of (fg;ﬁ:h“f;{‘:ﬁf;l/ 2'(832“5) =30.5
times more traffic on link C—D. Alternatively, precision loss can be lowered if certain ports are
removed from the group. We discuss this option as a heuristic in §4.3.

47



(® Heterogeneity challenge. Cloud data centers are expanded incrementally to deal with
growing traffic demand. Newly installed clusters are always equipped with the latest generation
switch hardware, which means different generations of hardware co-exist in the DCN. Switches
differ in link speeds and group table sizes, as demonstrated in Table 4.1. This heterogeneity
aggravates precision loss in two ways: (1) The smaller table size of older switches forces groups
to be reduced more heavily; (2) Mixed link speeds make group sizes larger on newer generation
switches.

Gen. 3 switches have bandwidth 5x higher than Gen. 1 switches, but group table size
is 8 x larger. This means newer switches can support more groups with less group reduction
if flow/group counts scale with bandwidth; however, older switches may struggle to store the
necessary state.

In spine-free DCNs, a switch can see multiple speeds across its ports since they may peer
with switches of different generations. The TE system seeks to balance link loads by placing
more traffic on links with higher speed. A switch with mixed link speeds (e.g. Gen 3 switches
with connections to slower hardware) increases the skew of group weights. This is defined as the
maximum-to-minimum weight ratio of a group. The larger the ratio, the more skewed a group is.
Our experiments (§4.4.4) show that in a baseline spine-free topology, the average skew ratio on
Gen. 1 switches, which don’t suffer from this issue, is 484 and the maximum ratio is 1176. In
contrast, for Gen. 3 switches, the average ratio is 1187 and the maximum ratio is 2676.

@ Path diversity challenge. Group pruning can result in a significant reduction of path
diversity which may result in high link utilization when there are traffic shifts or link failures.
[183] proposes a technique that accounts for potential demand shifts by imposing a minimum
level of path diversity for each flow. We incorporate this technique as a path diversity constraint
into our MCF formulation that generates TE solutions. With this constraint, TE solutions must
use at least a certain percentage of the available paths to serve each demand. This percentage is
referred to as the spread. While this constraint makes the TE solution more resilient, it degrades
the solution optimality.

We compared the TE solutions generated by the MCF without and with a path diversity
constraint for the same traffic load. Findings suggest that the standard formulation tends to use
as few paths as possible. Many groups in the standard solution contain only one member port
because the demand is small enough to fit onto one path. These groups use only one entry in the
group table. Solution to the modified formulation uses several paths as the diversity constraint
mandates. With a spread=50%, flows use more paths, which increases the pressure on the group
table. As mentioned in the Heterogeneity challenge, larger groups will be reduced more heavily
to fit into the same table space, hence causing high precision loss. We present a quantitative study
in §4.4.3.

(® Cascading precision loss challenge. The multi-stage DCN topology has a cascading
effect that amplifies precision loss multiplicatively as traffic flows from upstream switches to
downstream switches.

To understand the cascading effect, consider the example in Figure 4.4b. Switches E, F and G
form a two-stage topology inside an aggregation block. A demand of 100G needs to be sent out
from switch F and G. The TE solution (illustrated in dashed blue) divides the demand uniformly
on upstream (S2) switch E, i.e., it sends 50G to both F and G. Next, downstream (S3) switches F
and G each uniformly split the traffic between their two ports. However, to conserve group table
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entries, the TE implementation places all 100G on link E—G (shown in solid red) while switch F
receives zero traffic. The oversub of link E—G is 2, while the undersub of link E—F is 0. This
oversub/undersub is inherited by the downstream links on switches F and G. The two ports on
switch F are undersubscribed with zero traffic, regardless of the groups installed on F. On the
other hand, even if switch G implements a perfect ECMP group, port G-p1 and G-p2 will each
carry 50G, which yields an oversub of 2. This is the baseline precision loss inherited from switch
E.

This example only shows the cascading precision loss inside one aggregation block. For
indirect paths, the aggregation block of intermediate clusters inherits the baseline precision loss
from the upstream aggregation block in source clusters.

4.3 Design

We now present two algorithms that lower the TE precision loss compared to current group
reduction solutions. Our algorithms, called Direct Mixed-Integer Reduction (DMIR) and Iterative
Greedy Reduction (IGR), aim to convert a set of original input groups to weight-reduced output
groups so that the sum of the group sizes does not exceed hardware limit. DMIR builds on top of
mixed-integer programming (MIP) to approximate groups to the TE solution. Specifically, it uses
an MIP solver (e.g., Gurobi [85]) to directly find the optimal weight assignment for each group.
Since MIP-based solutions have exponential time complexity, we also develop IGR which greedily
searches for the smallest-sized groups that best approximate the TE solution in polynomial time.
IGR is similar to WCMP TableFitting but uses additional heuristics.

Both algorithms achieve group reduction by decreasing group weights relatively. They also
use three heuristics to deal with challenging scenarios (§4.2) in the reduction process. We first
describe the heuristics in §4.3.1 and then introduce the algorithms in §4.3.2 and §4.3.3.

4.3.1 Shared heuristics

The heuristics described next are used in both algorithms. The first two, Group Sharing and Group
Pruning, directly reduce the number of entries used in the group table. The third heuristic, Table
Carving, ensures that high-volume flows have sufficient group entries to accurately distribute
traffic.

Group Sharing. Group table usage depends on both the number of groups and the number
of entries per group. As the network size increases, the number of groups to install on a switch
increases, requiring more hardware resources (see §4.2 Scalability challenge). This heuristic
reduces the number of groups by eliminating duplicates. Two groups are identical if they use
the same ports and weights for each port. While src and t ransit flows/groups must be kept
isolated by a design requirement, flows of the same type can share the same group entries to
distribute their traffic. This optimization does not incur any penalty, since it does not change the
traffic distribution. For example, (G; and G5 in Figure 4.1 can be reduced to the same G’1’2, which
is shared by the two flows.

We find that while src groups generally differ, t ransit groups often become identical
after group reduction. For instance, the TE solution in Figure 4.4a leverages both direct and
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indirect paths to fulfill demands A—B and C—B. Two t ransit groups are installed on switches
of aggregation block D, one for path C—D—B and one for path A—+D—B. Since D—B is a
common segment, the same ports are used in both t ransit groups. The two groups only differ
in pre-reduction port weights. Considering any S3 switch in D, it only has one port connected
to B, as explained in the Skewed Weights challenge. The t ransit group for C—D—B places
0.25G on this port while the t ransit group for A—D—B puts 75G on it. Both groups can be
reduced to single-port ECMP groups with weight 1, so they become identical. Generally speaking,
transit groups for indirect paths with a common segment are identical post-reduction.

In production DCNs, groups are reduced batch by batch as the TE system generates new
groups in response to the ever-changing network conditions. Since Group Sharing itself does not
incur TE precision loss, it should always be invoked to conclude a round of reduction. The saved
table space can subsequently benefit the next batch.

Group Pruning. Sometimes not all groups in the TE solution fit in the table, even if they
are reduced to ECMP. In this case, some groups are not installed, and their corresponding traffic
is dropped by the switch. Barring this heuristic, group reduction algorithms do not proactively
reduce groups beyond ECMP because they aim to preserve the path diversity. But as a last resort
to avoid dropping traffic, our algorithms invoke this Group Pruning heuristic that prunes ports
from groups.

The key question is which port to prune. There exist multiple victim selection policies, e.g.,
prune the first port or a random port. The strategies are easy to implement, but they are not
necessarily good choices. For example, a port carrying 90% of the group traffic might be pruned,
impacting precision loss significantly. Our pruning policy considers both group size reduction
(which impacts the path diversity of the group) and the increase in precision loss. Similar to
WCMP TableFitting, our goal is to limit the maximum port oversub in a group. For IGR, we prune
the port that results in the least increase in maximum oversub across all member ports, i.e., the
port with the smallest weight (traffic volume). For example, p1 in 3 of Figure 4.1 can be pruned,
after which the size of pruned G* becomes one, while the remaining p2 is merely oversubscribed
by 1.016x. As discussed later in §4.3.2, the best port to prune in DMIR is not always the one
with the smallest weight, but rather the port that yields the optimal objective.

We expect Group Pruning to be especially useful in addressing the Skewed Weights and
Heterogeneity challenges. The reason is that both challenges lead to small weights on some ports,
which can be pruned with minimal impact on precision loss. Our evaluation in §4.4.8 shows that
Group Pruning has very little impact on path diversity.

Table Carving. This heuristic addresses the Path Diversity and Cascading Precision Loss
challenges. Groups are forced to use more egress ports to satisfy the path diversity constraint.
This means groups used by flows with a low traffic volume may have a lot of non-zero weights
and large sizes, even though their contribution to the overall precision loss is more limited than
high-volume groups. We develop Table Carving to ensure high-volume groups are prioritized
over others and can receive sufficient resources during group reduction.

Table Carving allocates table entries exclusively to each group. A minimum number of entries
are allocated per-group to avoid that low-volume groups end up with too few entries and little path
diversity. Remaining entries are allocated to groups in proportion to their traffic volume. Note,
a group will receive an allocation at least equal to the number of entries required by its ECMP
form. Some low-volume groups are likely to be reduced to ECMP (or even get pruned) if they are
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Algorithm 1 DMIR({G;}, T),1 < i < n. {G;}isasetof src or transit groups. T is the
available table space.

: // Step 1: Table Carving.

—_

2: fori =1ton by 1do

3 T = Max(len(Gy), LESSM—&G(C@) (T-% len(Gi))J)
4: // Step 2: single-group optimization.

5: {Gi} = {Gi}

6: for: =1ton by 1do

7: G, = SINGLEGROUPMIP(G;, T;) // Equation 4.1.
8: // Step 3: reclaim and redistribution.

9: for G, = G,...,G, € SORT({G}}) do

10: unused = RECLAIMUNUSED({G"})
11: if unused > 0 then

12: G, = SINGLEGROUPMIP(G;, T; 4+ unused)

13: // Step 4: Group Sharing.
14: return DEDUP({G}})

only allocated ECMP-sized entries. Nevertheless, the minimum allocation is a trade-off between
protecting high-volume groups and avoiding starving low-volume groups.

While G| , in Figure 4.1 can be pruned to G7 , to further reduce table usage without hurting
path diversity, reducing G5 to G is preferred because it carries less traffic. In addition to the
Path Diversity challenge, this heuristic also helps address Cascading Precision Loss. Protecting
the high-volume groups in the upstream switches through Table Carving effectively limits the
baseline precision loss on the downstream switches.

4.3.2 Direct mixed-integer reduction

DMIR is a parallel group reduction algorithm. For a given set of input groups, DMIR performs a
reduction on each group individually while ensuring the overall resource constraint is not violated.
Algorithm 1 presents the structure of DMIR. Reduction happens in four steps: (1) The Table
Carving heuristic allocates table space 1" to each group (line 2-3). (2) DMIR instantiates a number
of single-group MIP optimization problems (described below) and solves them in parallel to get
final reduced groups (line 5-7). (3) Table entries unused by reduced groups are reclaimed (line 10)
and redistributed to other groups, potentially allowing precision improvements over that of the
original allocation (line 12). (4) Final groups are deduplicated using the Group Sharing heuristic
(line 14).

The objective of single-group MIP optimization is to minimize the difference between an
original group G and the reduced group G’ such that G’ uses no more than its allocated resources.
Equation 4.1 is the single-group MIP formulation. w; and w; are port weights of groups G and
G'. p is the number of ports on the switch. Ty is the allocated table entries for group G’. The
formulation treats G and G’ as two p-dimensional vectors such that G = (wy, ws, - - - , w,) and
G' = (w},wy, -+ ,w,). This brings G' and G’ into the same vector space R” for convenient

51



Algorithm 2 IGR({G;},T),1 <i < n.

// Step 1: Table Carving, see Algorithm 1
// Step 2: single-group reduction.
6 = 1.00 // oversub limit.
{G.} = SORT({G,}) /I sort by descending group size.
while SUM({G}}) > T or SUM(G}) > T;,3i do
for: =1ton by 1do
G, = REDUCESINGLEGROUP(SORT(G;), T}, 0)
if SUM({G}}) < T and SUM(G}) < T;, Vi then
return DEDUP({G})
0 +=0.05
PRUNEGROUPIFSTUCK(G; _not_fit)

: // Step 3: Group Sharing.

A A o e

—_—
— O

—
[\

13: return DEDUP({G})

14: function REDUCESINGLEGROUP(G = {w;}, T;, 6)
15: G* =G ={w} =(1...1)// G™*: optimal G'.
16: oversub,,, = 0o

17: for w| = 1 to wmax = {SISEA—(T&)-‘ by [“mer] do
18: for: =2topby1do

19: w, = M—i . wi-‘

20: oversub = MAXPORTOVERSUB(G, G)

21: if oversub < oversub,,;, then

22: UPDATE(oversub,,;, = oversub, G'* = G')
23: if SUM(G’) > T; or oversub,,;, < 0 then
24: break

25: return G’

comparison. Note that this formulation also organically integrates Group Pruning with the

common path-diversity-preserving reduction behavior by allowing w/ to be 0.

minimize E

=1
wi e Zt Vie {1,...,p}

4.1)

The difference between G and G’ can be measured by various metrics, such as cosine similarity,
L1-norm, Kullback-Leibler divergence etc. We choose L1-norm ||G — G’||; since finding the best
G' is a combinatorial optimization problem and L1-norm’s linearity makes it computationally
tractable. This metric is different from that used by WCMP TableFitting and IGR: restricting
the maximum port oversub of a group. While restricting maximum port oversub is an intuitive
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objective, since the overall precision loss is bounded as long as no port exceeds the oversub limit,
subjecting all ports to the same oversub limit does not always produce the optimal group reduction
outcome (as seen in the Skewed Weights challenge).

In the third step, DMIR collects the unused entries from each group after reduction. This is in
order to make further improvements on some groups by rerunning reduction with extra hardware
resources. Some groups have unused entries because these entries do not significantly improve
the solution quality, so we reclaim them for other groups as follows. After the initial reduction,
we sort groups by their objective metric (line 9). The group with the largest difference from its
original group is ranked on top. All the unused entries are allocated to the top group, and group
reduction is rerun with the larger space limit. It is possible that the top group only consumes a few
or none of the unused entries. If so, unused entries are reclaimed again and redistributed to the
next group in line. This process repeats until either all groups are reduced again or all previously
unused entries have been used.

An alternative to the per-group single-group MIP is to directly solve all groups in a single
monolithic formulation. Unlike Equation 4.1, this formulation combines all the single-group
reduction problems into one monolithic optimization that can be solved with a single call to the
MIP solver. Since the monolithic formulation needs a single optimization objective, we construct
a weighted sum of L1-norm based on each group’s individual L1-norm, where the weights are the
total traffic volume carried by each group. The intuition is that groups with more traffic contribute
more to the overall precision loss metric, so the MIP solver should spend more effort optimizing
those groups. Equation 4.2 shows the comprehensive formulation.

minimize Z(Z W) - Z

i=1 j=1 j=1

/
Wi Wi

ZL Wi Z§=1 wy;

L 4.2)
st > Y w <T
i=1 j=1
wy; € ZT,Vie{1,...,n},j€{1,...,p}
G = (w1, Wi, . .., w;y) is the original group 4, w;; is the original weight on port j of group i.

Similarly, wy; is the reduced weight on port j of group i. T'is the total available table space on the
target switch. This formulation only enforces the sum of group sizes across all reduced groups to
meet the table space limit; there is no per-group space limit and the Table Carving heuristic is not
invoked.

The monolithic formulation is nevertheless infeasible in practice. With tens of thousands of
decision variables and constraints, we fail to find a solution for a large-scale production DCN
even after running the latest version of the Gurobi solver for days. With a one-hour timeout on
Gurobi, the resulting solution is considerably worse than that obtained from single-group MIP.

4.3.3 Iterative greedy reduction

IGR has two objectives: a primary one to keep reduced group sizes under resource limit, and a
secondary one to restrict the maximum port oversub in each group to an upper bound. Algorithm 2
describes the three-step structure of IGR. Step 1 is the same Table Carving heuristic of Algorithm 1.

33



In step 2, IGR iteratively reduces all groups (line 5-11) until both conditions are met: (1) sum of all
group sizes meets the table limit 7', and (2) each group size meets its allocated space limit 7;. Each
group is reduced individually by the REDUCESINGLEGROUP function. IGR is greedy because
reduction could terminate in the middle of an iteration once the two conditions are met (line 8-9),
leaving some groups reduced more than the rest. Some groups may fail to meet the upper bound
 on port oversub, especially when 6 is very tight in the initial iterations. IGR relaxes 6 in each
iteration (line 10) by a constant step size. A more relaxed 6 enables REDUCESINGLEGROUP to
reduce the group size more. If the reduced group size stops decreasing after # has been relaxed for
thresh=3 consecutive times, we consider the reduction “stuck”. thresh is a tunable parameter
that allows us to balance between aggressive reduction and more port oversub tolerance. When
the reduction is stuck, the Group Pruning heuristic is invoked (line 11).

REDUCESINGLEGROUP starts the search for a final group from the original group’s ECMP
form (line 15). It locks the relative weight ratio between ports in the group under reduction G".
In each iteration, ports in G’ are sorted by their weights in descending order (line 7). Once the
assigned weight of the first port w] is determined, all the remaining port weights are determined
based on the relative weight ratio (line 18-19). The number of iterations performed on each
group is limited to a small constant /7'E/R. REDUCESINGLEGROUP conducts the search in
increments of [}“}’Zﬂzﬂ instead of the smallest increment of one (line 17), to ensure the search
process finishes within /'T'E'R iterations. This effectively mitigates the long convergence time
(see §4.4.6) that iterative-reduction-style algorithms suffer from, since there are many groups
(Scalability challenge) and many ports per group (Path Diversity challenge) to iterate through.
REDUCESINGLEGROUP makes the best effort to meet the oversub limit and returns the smallest
group it has found when it hits the group size limit (line 21- 24).

4.4 Evaluation

In §4.4.1, we describe FabricEval, a data center TE evaluation framework that we created. The
DMIR and IGR algorithms are compared to WCMP TableFitting under a wide range of network
conditions in §4.4.3-§4.4.5. We also present group reduction speed as another metric in §4.4.6.
§4.4.7 investigates the application layer impact. §4.4.8 inspects the side effect of Group Pruning.
§4.4.9 discusses the contribution of each heuristic.

4.4.1 FabricEval evaluation framework

FabricEval is a network-level data center TE evaluation framework. It models the entire data
center TE pipeline end-to-end: from taking snapshots of network state and traffic demands to
generating TE solutions, group reduction and finally implementing the solution on data plane.
FabricEval employs a modular design that allows us to plug in different TE solving algorithms,
group reduction algorithms, and switch hardware models with different configurations. This
enables us to compute both the ideal link utilization expected by the TE solution and the actual
link utilization from different group reduction algorithms, on all links. It also tracks table usage
and traffic loss due to missing forwarding entries from switches.
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In FabricEval, topology inputs are represented as Protobuf [163]. Traffic demands are repre-
sented as plain matrices. Inputs are passed to a TE solver module, which by default runs the same
TE algorithm used in our production fabrics. The generated TE solution is organized by cluster
and forwarded to a group reduction module of each cluster. Finally, reduced groups are installed
on the corresponding switches. FabricEval is implemented in 15,820 lines of Python code. Since
FabricEval is not a packet-level simulator, we use ns-3 [171] to study application layer metrics.

Open source releases. The source code of FabricEval, DMIR, IGR and our implementation
of WCMP TableFitting are released online [1].

4.4.2 Experimental setup

All configurations used in the evaluation are developed from a baseline production-like configu-
ration that includes (1) a 65-cluster heterogeneous spine-free fabric, (2) a path diversity spread
of 50%, and (3) a traffic matrix (TM) representing the total egress/ingress demands between
ToR pairs. Due to security and privacy reasons, we cannot publish most results from production
fabrics and traffic traces. However, we carefully tuned FabricEval to match production results.
Using FabricEval also avoids the difficulty of running controlled experiments on live fabrics. All
experiments in this chapter are conducted on a Dell PowerEdge R720 server, with two 20-core
Intel Xeon E5-2680 CPUs, 128 GB of memory and 1.2 TB of disk.

Network topology. The baseline fabric features 2.6K switches and 83.2K links. Each cluster
in the fabric has 32 S1 switches. Each S1 has 32 ports, 8 facing the S2 switches and 24 facing the
host machines. The aggregation block in each cluster has 4 S2 and 4 S3 switches interconnected
as a nonblocking FatTree; each has 128 ports, 64 facing up and 64 facing down. The 64 up-facing
ports on S3 are evenly spread to 64 peer S3 switches. The S2 switches connect to each S1 with 2
links.

Traffic matrix. The baseline TM captures properties found in production traffic traces.
Clusters have unequal egress and ingress demands. Storage clusters, for example, typically have
a small ingress but a large egress because applications often read more data than they write.
The demands follow an exponential distribution. The traffic volume between a cluster pair is
characterized by the Gravity model [183, 192, 215, 243]. A cluster’s total egress/ingress volume is
distributed proportionally among peer clusters, weighed by each peer’s total volume. Incremental
data center expansion could leave a few clusters deployed but having zero demand. They can still
be used by other clusters for transit.

4.4.3 Spread and path diversity

The Path Diversity challenge in §4.2 focuses on balancing resilience to traffic changes and optimal
efficiency. This trade-off depends on the spread. To determine an appropriate spread for our
evaluation, we run production trace using realistic routing settings (i.e., TM fed into TE comprises
peak demands of the past 24 hours and TE is recomputed every hour) on a large spine-free
production fabric. Figure 4.5a shows the link utilization for this realistic scenario, normalized
relative to the optimal TE solution computed against the instantaneous demand (i.e., assuming
traffic measurement and TE solution programming have zero delay). We find that 50% spread
achieves link utilization closest to OPT (1.14 x OPT) because higher spreads rely on costly indirect
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Figure 4.5: (a) 50% spread achieves best link utilization using production traffic trace and routing
settings. (b) larger spreads are more robust against traffic spikes.
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Figure 4.6: Median and tail link utilization with different path diversity.
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paths and lower spreads are fragile to TM changes. To understand how spread values affect TE
solution’s robustness, we further study more extreme cases, such as when 25% of the original
demands spike by 4x. We define robustness as the link utilization post-spike divided by the
pre-spike link utilization for the same spread. Figure 4.5b shows this ratio for each link in the same
production fabric for 0% (no) spread, 50% and 100% (full) spread. As expected, 100% spread is
most robust since spikes are spread throughout the network. 50% spread is significantly more
robust than 0%. Overall, 50% spread proves to be a reasonable trade-off between TE optimality
and robustness.

Figure 4.6 compares the link utilization of IGR and DMIR with that of the TE solution
(assuming no table size constraint) and WCMP TableFitting (TF) for five spread values. The
results are collected on the baseline fabric and TM. In each graph, the y-axis shows the link
utilization of the 50th (p50) and 99th (p99) percentile, and the maximum (max) link in the network.
We see that with 0% spread, all algorithms come close to the link utilization of the TE solution,
which is not surprising since most flows have a group size of one. As the spread increases, the
link utilization difference between the TE solution and the group reduction algorithms increases.
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Table 4.2: Summary of various fabrics used in FabricEval.

Name Topology #Genl #Gen2 #Gen3 Link failure
Fabric 1 spine-free 22 22 21 none
Fabric 2 spine-free 11 11 11 none
Fabric 3 spine-free 65 0 0 none
Fabric 4 spine-free 22 22 21 1%
Fabric 5 Clos 21 21 22 1%
Fabric 6 random graph 22 22 21 none
5 Fabric 1 (baseline) Fabric 2 Fabric 3
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Figure 4.7: Link utilization distribution in various network fabrics.

With a 50% spread, WCMP TF’s link utilization is 25.4% higher at p99 and 67.1% higher at max.
DMIR sees link utilization 1.6% higher at p99 and 9.1% higher at max. IGR increases over the
TE solution by 4% and 7.4%, respectively. The result at 75% spread largely resembles that at 50%
spread, except for a seemingly counter-intuitive link utilization improvement from WCMP TF 2.
As the spread further increases, link utilization continues to deteriorate due to increased
pressure on the group tables. At 100% spread, all algorithms achieve a link utilization equal to
the TE solution. Since 100% spread forces demands to spread across all paths, groups become
identical and after deduplication, they easily fit in the table with minimum precision loss.

4.4.4 Heterogeneous fabrics

In order to understand how different fabric configurations affect TE precision, we construct a list
of fabrics that differ in scale, hardware and/or topology, as described by Table 4.2. Fabric 1 is

2WCMP TF’s result at 75% spread does not reflect a true improvement. The reason is that the groups generated
by WCMP TF do not fit in the switch table. The overflow groups cause the associated traffic being dropped. This
benefits the groups that do fit.
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Figure 4.9: Comparison of group reduction speed.

the baseline fabric. Fabric 6 is a Jellyfish-like fabric with random graph topology [206] using the
same hardware as fabric 1.

Figure 4.7 shows how results differ across these fabrics. Compared to fabric 1, all three
algorithms in fabric 2 and 3 operate close to the TE solution in terms of both median and tail
utilization. This confirms our analysis in §4.2 that Scalability and Heterogeneity both have an
impact on precision loss. The tail link utilization in fabric 3 is noticeably higher than other fabrics
of same scale because the same TM is applied to a fabric with lower capacity. Note that DMIR’s
maximum link utilization in fabric 3 is 10% higher than the TE solution, while WCMP TF and
IGR are 12.4% and 3% higher, respectively. This is caused by a 120-second timeout on DMIR.
Due to the nature of MIP problems, we use a timeout to ensure DMIR terminates within a duration
comparable to the other two algorithms, which can lead to a suboptimal solution. Without this
timeout, DMIR can still find an optimal solution within 10 minutes in all the experiments we run.

Looking at fabric 1 and 4, we find that the impact of failure is mostly on tail link utilization.
The maximum link utilization under failure has increased by up to 63% over that without failure.
Among the three algorithms, DMIR and IGR are more affected than WCMP TF. Compared to
fabric 1, precision loss in fabric 5 is moderate, as WCMP TF is 9% higher than the TE solution, yet
IGR and DMIR are still effective in bringing this down to 1.3%. This aligns with our production
observation that precision loss in Clos fabrics is not as grave as spine-free fabrics. Precision loss
in fabric 6 is high. This is due to the asymmetry and imbalance introduced from random link
assignment. WCMP TF has a maximum link utilization 55.1% higher than the TE solution, while
IGR and DMIR lower this gap to 8.4% and 7.5%. Generally speaking, IGR and DMIR are more
effective when the topology is irregular.
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4.4.5 Traffic pattern

The baseline TM has an average cluster ingress/egress volume that is about 40% of the cluster’s
bisection bandwidth. 15% of the latest generation clusters are configured to be in expansion mode
with empty demands. For comparison, we created two more TMs: a high load TM and a flat TM.
The high load TM is generated in the same way as the baseline TM, except that its average cluster
volume is raised to 70% of the bisection bandwidth and all clusters have non-empty demands. The
flat TM does not follow the Gravity model. Instead, each cluster has an equal ingress and egress
demand of 7.68 Tbps (240 Gbps per ToR) that is uniformly spread across all peer clusters. There
are no empty clusters in the flat TM. We run all three TMs on the baseline fabric with 50% spread.

With the high load and flat TMs, WCMP TF results in traffic loss due to group table overflow,
as shown in Figure 4.8. As much as 7% and 12% of the total demands are dropped, respectively.
In the high load TM scenario, even with a fraction of groups rejected, WCMP TF increases the
actual link utilization over the TE solution by up to 62.1%. On the other hand, DMIR increases
actual link utilization by only 9.4% over the TE solution at max, and IGR increases by 19%. This
result is consistent with the increase found in the baseline TM scenario. The flat TM results are
slightly better: WCMP TF has a maximum link utilization 28.4% higher than the TE solution,
while it is 11.1% for DMIR and 20.2% for IGR.

All three algorithms will result in congestion loss due to oversub on some links. For example,
in the high load TM scenario, WCMP TF’s actual maximum link utilization is 1.49, almost 50%
over the physical link capacity, while that of DMIR and IGR are 1.007, and 1.096. This is however
expected given that the maximum link utilization of the TE solution is over 0.9. Any error in
group reduction could lead to traffic exceeding the link capacity. While the average cluster volume
is configured to 70% of the bisection bandwidth, link utilization of the TE solution ends up much
higher. We attribute this to the blocking property of the spine-free topology.

4.4.6 Execution speed

The execution speed of the IGR and DMIR algorithms is important since they are used online.
Each switch runs group reduction twice, first on the transit groups and then on the src
groups. We measure the total time to complete both reductions on each switch. A number of
representative configurations are selected to cover the common and corner cases. They include:
(1) fabric 2 (small-scale) in §4.4.4, (2) 0% spread in §4.4.3, (3) the baseline fabric/TM in §4.4.5,
(4) 75% spread in §4.4.3, and (5) the high load TM in §4.4.5.

Figure 4.9 plots the distribution of per-switch group reduction time as standard boxplots with
max/min, first/third quartile and median. As can be seen, the reduction time on each switch
spans a wide range: there is about two orders of magnitude difference. The reduction time differs
significantly across switches as well as between different group types. On switches with smaller
tables it takes longer to fit the groups since there is a tighter table size constraint. The t ransit
groups are easier to reduce than src groups because they are mainly ECMP-like groups. If a
cluster has a zero demand, there is no src group to be installed on the switches in this cluster.
The execution time is then determined solely by t ransit reduction.

DMIR and WCMP TF have overlapping ranges. In some scenarios, such as 0% and 75%
spread, DMIR is slower than WCMP TF, while in other cases, they are on par. IGR is the fastest
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Figure 4.10: ns-3 FCT.

among all three. It generally completes group reduction in under a second. Overall, IGR is
17-42x faster than DMIR and 10X faster than WCMP TF by comparing the median reduction
time.

4.4.7 Impact on flow completion time

Thus far, we have shown our approach is effective at meeting TE’s link utilization objectives. We
now explore the impact our approach has on flow completion time (FCT). We extend our FCT
comparison to include flowlet-based and host-based schemes. The traffic trace is constructed by
sampling the flow sizes and start times from published production measurement studies [23, 117,
136, 193, 242] while ensuring that the total flow size of each cluster adds up to its demand in the
TM.

In contrast to ECMP/WCMP, TE approaches such as [9, 121, 122, 218] balance load at the
flowlet level [116]. While this finer grain load balancing could improve FCT, most large-scale
DCN operators adopt some form of ECMP/WCMP [2, 80, 159, 199, 204] instead of a flowlet-
based approach. We attribute this to the universal vendor support for ECMP/WCMP and the
simplicity of deployment, e.g., no parameter tuning is required. We focus on LetFlow [218], a
recent flowlet proposal that provides significant FCT performance gains.

We implemented IGR, DMIR, WCMP TF and LetFlow in ns-3, and use the baseline fabric/TM.
As per [218], each switch uses a flowlet table that maps a 5-tuple hash to an egress port id. ECMP
groups are still required to track ports that can reach the destination for each flow aggregate.
When the inactive interval in a flow exceeds the pre-configured timeout, the flowlet entry expires
and a new egress is randomly selected from the corresponding group. The best timeout value is
picked by sweeping through a range of timeout values. We assume the flowlet table is subject to
hardware resource constraints similar to WCMP. A 32K-entry memory is split in half, 16K for
groups and 16K for flowlets.

Figure 4.10 shows that IGR and DMIR reduce the p99 FCT of WCMP TF by 28.1% and
27.8%, respectively. LetFlow with an unlimited table size outperforms all other candidates,
shortening the p99 FCT of WCMP TF by 37.8%. With a 16K table size constraint, LetFlow
underperforms IGR and DMIR but remains better than WCMP TF by 8.7% in p99 FCT. To put
this improvement into perspective, we run flows of two sizes in two production fabrics, then we
steadily increase average link utilization of the fabric, the p50/p99 FCTs at every link load are
collected. Figure 4.11 illustrates how FCT normalized to each flow’s min RTT correlates with

3Cisco ACI fabric with Nexus 9300 switches supports flowlets under the feature named Dynamic Load Balanc-
ing [42]. A total of 4096 x 8-way ECMP entries (see Table 7 in [43]) are available on chip.
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link utilization. On the more loaded side of the spectrum, a 10% reduction in link utilization can
translate to a 20-40% reduction in p99 FCT.

Another class of designs that has reported significant FCT gains is host-based TE (e.g.,
PLB [185]). [185] shows that PLB can fully correct load imbalance caused by ECMP between
two links with 1:2 capacity difference. However, with capacity difference of 1:100, PLB can only
correct it to 1:3.5, and p99 FCT is 2.3 x higher than that of a load balanced scenario. Figure 4.10
indicates that PLB alone achieves FCT on par with WCMP TF and we hold the same view as
[185] that in-network WCMP and host-based PLB are complementary in performance benefits.

4.4.8 Group Pruning’s impact on path diversity

A potential side effect of Group Pruning is that heavily pruned groups might lose a lot of paths.
This reduced path diversity could impact the network’s resilience to link failures. To understand
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the impact of pruning, we record the paths/ports used by all groups in the baseline fabric/TM
experiment. Figure 4.12 shows that IGR prunes less than 0.01% of the total groups, while DMIR
prunes 0.07% of them. DMIR’s pruning decision is more aggressive than IGR: 48 groups (out of
1350624) are pruned down to a single port. In contrast, groups pruned by IGR only lose 1-3 ports.

Figure 4.12 also shows the fraction of traffic impacted by Group Pruning. Impacted means
that the traffic is steered away from pruned paths, but is not dropped. Despite DMIR’s more
aggressive pruning, the total traffic impacted (area under curve) is lower than IGR. We attribute
this to DMIR’s trade-off between path diversity and lower traffic impact.

Overall, the small number of aggressively pruned groups and tiny fraction of traffic impacted
suggests that the negative impact of Group Pruning is minor.

4.4.9 Ablation study

Now, we evaluate how much each of the heuristics in §4.3 contributes to the overall precision
improvements. We use the baseline fabric/TM and 50% spread. First, the contribution of Group
Sharing is evaluated by disabling this heuristic in both DMIR and IGR. Figure 4.13 illustrates the
significant impact of Group Sharing on IGR: 5x decrease in maximum link utilization. DMIR
is improved by 1.7 x. Additionally, Group Sharing reduces the O(N?) transit group entries
(e.g., 162K) to no more than 64 (see §4.4.11 for details). Next, the contribution of Table Carving
is demonstrated in Figure 4.14. Instead of standard Table Carving, the algorithms are modified
to carve the table in constant sizes: each group receives an equal share of the table space. IGR
and DMIR with standard Table Carving perform 1.2x and 1.24 x better than the constant version.
Finally, we look at the contribution of Group Pruning in Figure 4.15. 75% spread is used to reflect
how Group Pruning avoids traffic loss. The pruning logic is hard to completely disable in both
algorithms, so instead, we add Group Pruning to WCMP TF. With Group Pruning, WCMP TF
can avoid group installation failures and the consequent traffic loss entirely, at the cost of a 2.4 x
increase in link utilization. However, this increase is specific to certain scenarios and can be offset
by other improvements.

4.4.10 Quantization error

Rounding fractional weights in groups to integers introduces a minor yet acceptable quantization
error. We choose to express weights in Mbps so that the quantization error of rounding is at most
+1Mbps. Weights in Kbps or bps can further reduce quantization error, but it comes at a cost
where the Protobuf is bloated with larger integers. Figure 4.16 shows that the quantization error
of Mbps granularity is sufficiently small.

We repeat the baseline fabric/TM experiment using three group reduction algorithms, WCMP
TableFitting, DMIR and IGR, with unlimited group table space on each switch. In other words,
the original fractional weights in each group only need to be rounded to integers, but will not
be reduced in size, as there is infinite group table space to store any arbitrary number of entries.
The precision loss over the TE solution from each group reduction algorithm with unlimited table
space reflects the pure impact of rounding.

For instance, WCMP TableFitting is significantly improved with unlimited table space. The
TE implementation is almost identical to the TE solution. Per-link utilization delta over the TE
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Table 4.3: Group table space usage on sampled S1/S2/S3 switches by different group types.

Stage Group type Original usage  Post-reduction

S1 src 8 entries 8 entries

S2 src 1746624 entries 64 entries

S3 src 2241913 entries 18285 entries
S1 transit Oentry 0 entry

S2 transit 162112 entries 64 entries
S3 transit 792738 entries 60 entries

solution is also reduced to close to zero, which means there is very minimum oversub and the
implementation overall is accurate. Similarly, for DMIR and IGR, the implementation is also
improved, although the improvement is not as large as WCMP TableFitting. The TE precision
loss (i.e., quantization error) achieved by all three group reduction algorithms is generally under
0.01%.
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Figure 4.16: (a, b, ¢) Median and tail link utilization if running original group reduction algorithm
vs. running it with infinite group table size, so that there is only precision loss caused by rounding
weights. (d, e, f) Per-link utilization delta over the TE solution.

4.4.11 Table usage

Table 4.3 lists the group table usage statistics from sampled S1/S2/S3 switches in the baseline
fabric from §4.4.4. The original usage column indicates the number of entries required if the
table space is unlimited (pre-group-reduction). The post-reduction column indicates the actual
number of entries consumed found on the switch (after running group reduction). We can see
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that table usage on S1 switches is low and group reduction is irrelevant here. This is because
the groups are always ECMP on S1 switches and a shared group is used for serving all demands.
As mentioned in §4.3, the Group Sharing heuristic significantly reduces the number of entries
required by t ransit groups to no more than 64, on both S2 and S3 switches. The src groups
on S3 switches see a table usage reduction from 2241913 to 18285, a 122 x reduction.

4.4.12 Recommendation

While both our algorithms perform well, DMIR generally has lower precision loss than IGR.
Though its advantage is usually small, some extreme scenarios can benefit from DMIR. For
example, in the high load TM scenario (§4.4.5), DMIR is the only option that avoids link
utilization above 1.0, except for a slight violation on the worst link. In contrast, IGR is always
faster than DMIR, so it responds better to traffic load changes. Because of that, we recommend
generally using IGR, except for difficult scenarios where low precision loss matters.

4.5 Related work

Data center TE. Many DCN designs [2, 4, 5, 80] leverage flow-level ECMP [101] to achieve
failure resilience and efficient bandwidth utilization. However, ECMP is known to perform poorly
with asymmetry and heterogeneity. WCMP [249] improves over ECMP. Niagara [118] distributes
traffic using flow rules instead of group rules. DASH [103] splits traffic via comparison-based
hash space partition. It avoids WCMP-style entry replication but requires arithmetic operation
and P4 [29] support. Our work assumes fixed-function switches but also applies to programmable
switches.

Flare [116], CONGA [9], HULA [121], Clove [122], LetFlow [218], and Contra [102] leverage
the elasticity of flowlets to balance traffic load across paths. In networks with different path
latencies [37, 56, 143, 157, 168, 225, 227], one has to carefully select the flowlet detection timeout
to avoid reordering. Flowlets are also susceptible to traffic characteristics, e.g., [147, 207] find
that RDMA traffic [16, 71, 83, 94, 123, 159, 250] exhibits weak flowlet pattern. As described in
LetFlow [218], flowlet switching requires switch support [42], which is not as widely available as
ECMP. There are also works like DRILL [75] and RPS [48] that operate at packet-level.

Host-based TE approaches like Presto [93], Hermes [241], MPTCP [187], FlowBender [115],
RePaC [244] and PLB [185] assume either no in-network support or merely ECMP. PLB [185]
shows that our work complements host-based TE.

Spine-free data center. Dragonfly [125], Dragonfly+ [200], Slim Fly [25], Slingshot [44],
Aquila [76] have studied direct-connect topology networks. However, they primarily focus
on HPC networks. Meanwhile, most deployed DCNs [2, 80] employ a Clos topology with a
spine. Harsh et al. [91] discusses ECMP-based TE in spine-free data centers. Sirius [19] and
RotorNet [153] are spine-free but spread traffic using extended VLB [245]. Jupiter [183] explores
advanced TE in spine-free DCNs. We believe our work is among the first to improve TE precision
loss in spine-free DCNs.

Wide area network TE. Wide area network TE faces similar switch hardware constraints.
SWAN [99] allocates traffic demands to a set of tunnels, which are limited by the number of

64



supported switch rules. B4 TE [100] generates groups that consume 14 x the switch table space.
It has to decouple traffic splitting rules across two stages in its Clos fabric to reduce per-switch
table consumption. Meta’s Express Backbone [161] and Edge Fabric [196] run centralized TE on
BGP and ECMP. We found no available data on their TE precision loss.

4.6 Conclusion

Precision loss is an inherent problem when implementing TE with limited switch hardware
resources and the shift towards spine-free topologies exacerbates the problem. We introduce
two group reduction algorithms that offer different trade-offs in terms of precision and execution
time. Both algorithms use heuristics to address challenges, such as the hardware-agnostic nature
of TE algorithms, switch heterogeneity, and path diversity. Our evaluation shows they achieve
significant improvements in various network scenarios compared to the current solution.

More broadly, this chapter argues that the two halves of TE, computing a routing plan and
realizing it in switch hardware, cannot be designed in isolation. The conventional pipeline
treats the optimizer’s fractional solution as the answer and hardware installation as a mechanical
afterthought, but on a spine-free reconfigurable fabric the finite group table is exactly where an
optimal plan can fail to land: a solution that cannot be installed delivers none of the utilization
it promises. Treating optimization and hardware realization as a single coupled problem is
therefore what lets the network deliver the bandwidth a TE solution intends rather than a degraded
approximation of it. This coupling only tightens as fabrics reconfigure more often, since every
reconfiguration re-derives the routes that must then be squeezed back into the same limited tables.

Seen against the thesis’s arc, this chapter’s lesson is that the heterogeneity a reconfigurable
fabric exposes cannot be left to the hardware to absorb. Fixed-function switches handle uneven,
skewed traffic splits inefficiently, spending table entries lavishly on the very distributions a spine-
free topology makes common, so that heterogeneity must be managed explicitly in software, by
the same TE system that computes the routes. Where the transport of Chapter 3 rode a fixed
schedule and this chapter made the fabric demand-aware, both still serve a general-purpose
network carrying arbitrary traffic. The final redesign abandons that generality: it specializes the
fabric to a single, known workload, machine-learning training, whose communication pattern is
fixed and known before the job even starts, and moves the redesign one more layer up the stack,
from how traffic is routed to where the job is placed.
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Chapter 5

Machine Learning Job Placement

The previous two chapters redesigned a general-purpose reconfigurable network from below, first
its transport and then its traffic engineering, while leaving it able to carry any traffic. This chapter
reaches the specialized end of the spectrum of Chapter 2: an ML cluster whose optical fabric is
reconfigured for each job. Here both of the assumptions the earlier chapters had to defend, stable
connectivity and uniform bandwidth, give way to a single opportunity. Because a training job’s
communication pattern is fixed the moment its parallelization strategy is chosen, the scheduler
knows in advance which accelerators must exchange data and how much, and can co-adapt the
job’s shape and the cluster’s topology, shaping each to the other. Reconfigurability is thus no
longer only a property of the fabric, as it was for the transport and TE of Chapters 3 and 4, but
a lever the scheduler wields to place jobs the fabric could not otherwise host. This is the third
and most specialized of the redesigns the thesis statement calls for, and the layer under the most
pressure is no longer transport or routing but job placement itself.

To see why placement carries that pressure, consider how such a cluster is used. An ML cluster
is a pool of connected accelerators, also known as XPUs, typically shared by many concurrent
jobs. Because these clusters require substantial investment, there is strong interest in their efficient
operation, which depends on supporting as many jobs as possible while minimizing the contention
between them. Adding a job involves two sub-tasks, admission and placement. An admission
policy determines whether to admit a job and how many XPUs to allocate, while the placement
policy identifies the most suitable set of XPUs to use. Existing ML schedulers [82, 133, 149,
164, 170, 179, 208, 235, 247] primarily focus on admission, since placement is not a significant
concern in Clos-topology GPU clusters. However, placement is an increasingly important problem
as cluster designs move away from Clos topologies. In such settings, suboptimal placement often
leads to severe resource underutilization and degraded job performance.

Recently, ML clusters based on torus topologies have been deployed in production [15, 113].
Unlike switched topologies, torus-based clusters are constructed with directly connected XPUs.
This allows them to scale easily with minimal rewiring. Torus clusters also have lower construction
costs compared to switched topologies while supporting the neighbor-centric communication
patterns of typical ML workloads. On the other hand, only neighboring XPUs can communicate
with non-blocking, full bandwidth. Data transmission between more distant XPUs must route
through intermediate XPUs, leading to competition for link bandwidth and making a job’s
performance sensitive to its placement in the torus cluster.
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Two main approaches have been proposed to handle job placement in torus clusters. The first
employs a FirstFit algorithm (or its variants) [41] to search for a sufficient number of contiguous
XPUs, and assigns a job to the first location discovered. The second approach attempts to find
XPUs that are close to each other on a best-effort basis [130, 146], without guaranteeing contiguity.
Both approaches suffer from significant drawbacks.

FirstFit often leads to resource fragmentation and low utilization in multi-tenant torus clus-
ters. This issue arises because users submit jobs of varying sizes, which arrive and complete
asynchronously. In addition, the communication patterns inherent to ML jobs also demand XPU
allocations that conform to specific rectangular or cuboid shapes (§5.1). This shape constraint
inevitably strands idle XPUs between allocations. Consequently, a new job might not be scheduled
even if sufficient XPUs are available, simply because of non-contiguity. If no placement is found,
the job must be queued until resources free up. The queueing delay can be pronounced since ML
jobs typically last for long periods.

In contrast, best-effort placement, despite its higher utilization of cluster XPUs, may assign
spatially scattered XPUs to a job. The resulting network contention is an especially prominent
problem for ML workloads, since their constituent XPUs frequently exchange immense volumes
of data. This contention prolongs job completion times (JCT).

We set out to create a more flexible cluster resource allocation, guided by two key insights. The
first insight is that ML job communication patterns are regular and rearrangeable. A job’s shape can
be mapped to the torus topology in multiple contiguous ways without compromising performance.
This insight inspires folding, a technique that exhaustively evaluates all feasible shape mappings
and identifies the one that minimizes fragmentation. Our second insight reveals that adapting the
topology to a job shape can significantly improve the chance of successful allocation. This can be
accomplished using OCSes [47, 217], the reconfigurable fabric of Chapter 2, to reconfigure the
topology at runtime.

We explore the possibility of combining job shape alteration (folding) and topology alteration
(reconfiguration) through the design of RFold, a new resource allocation scheme that aims to
achieve high resource utilization while avoiding network contention. RFold attempts all legitimate
shape variations for a given job, those that can limit network contention, by formulating shapes as
graphs, and then invokes graph libraries to check for homomorphism. For each shape variation, it
generates an allocation plan by virtually reconfiguring the underlying topology to best match the
shape. Finally, RFold ranks these plans and commits to one that minimizes fragmentation.

To evaluate RFold, we developed a topology-aware, job-level simulator that simulates large-
scale 3D torus clusters with reconfigurable OCS links. We also extend public ML job traces, such
as the Microsoft Philly trace [109], based on our observations in a university-level cluster. We
compare RFold to the shape-aware FirstFit placement policy and to four shape-unaware policies
that place a job wherever XPUs are free. Our results show that RFold delivers the shortest average
JCT at every load we sweep and sustains the highest load before saturating, with its knee near
58% offered load under FIFO admission against 54% for the best shape-unaware policy and
44% for FirstFit, and that it converts more of the cluster into finished work than any baseline,
plateauing near 57% effective utilization against 52% and 45% respectively. These findings
show a strong potential for performance improvements through placement, topology design, and
reconfigurability.
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5.1 Background

5.1.1 ML communication pattern

The placement problem this chapter addresses is dictated by how ML training jobs communicate,
so we begin there. A training job’s computation is parallel only within a single step; between
steps, the participating XPUs must reconcile their partial results, and it is this recurring exchange,
rather than the arithmetic itself, that most often bounds how fast a job runs. How the work is
partitioned across XPUs therefore fixes both which XPUs must talk to one another and how much
data they move, and so determines what a good placement looks like.

ML training jobs often run on multiple XPUs to reduce running time. Three parallelization
strategies are commonly used to carry out distributed ML training: (1) data parallelism (DP),
(2) tensor parallelism (TP), and (3) pipeline parallelism (PP). If the mini-batch of input data is
too large to fit in the memory of a single XPU, DP shards it across multiple XPUs, with model
replica per XPU. If the model itself is too large, TP and PP shard it across multiple XPUs. Many
tools [111, 226, 248, 251] can determine the optimal combination of parallelization strategies for
each ML job and how many XPUs to use for each dimension of parallelism. The resulting plan
can be expressed as a job “shape” requirement. For example, a job with a 4 x6x 1 shape signifies
that its model is sharded into six parts across six XPUs (six-way TP), and the model itself is
replicated four times (four-way DP). This configuration results in two independent communication
phases. One phase synchronizes the calculated model gradients across four DP-dimension
XPUs corresponding to each model shard using six parallel ring-based AllReduce collective
communication operations [172, 197]. The other phase synchronizes the six TP-dimension XPUs
of each model replica with four parallel AlIReduce operations. The DP and TP parallelism are
orthogonal to each other, and their communication patterns are isolated to the participating XPUs.
Similarly, a 18 x1x1 shape indicates DP-only, and 4 x4 x4 denotes DP+TP+PP.

Each parallelism dimension induces a communication pattern of its own, and the three differ
sharply in frequency and volume. TP is the most demanding: every layer must combine its sharded
activations through a collective such as AllReduce or an AllGather paired with a ReduceScatter,
so TP traffic recurs many times within a single training step and dominates the bandwidth budget,
which is why TP degrees are kept small and confined to the most tightly coupled XPUs. DP is
coarser. Replicas synchronize their gradients through a single AllReduce at the end of each step,
moving a volume proportional to the model size but amortized over the whole step and thus more
tolerant of latency. PP is the lightest. Adjacent pipeline stages exchange only activations in the
forward pass and gradients in the backward pass, as point-to-point transfers between neighboring
stages rather than collectives.

Crucially, each of these collectives is realized as a ring over the XPUs of a single parallelism
dimension [172, 197]: an XPU sends only to the next member of its ring and receives only
from the previous one. Communication is therefore near-neighbor by construction, and it stays
cheap only when ring neighbors are also physical neighbors. When a job’s cuboid shape is
embedded into the torus so that each parallelism dimension aligns with a torus axis, every ring
closes over direct links and runs at full, non-blocking bandwidth. When the shape is scattered or
misaligned, the same ring traffic must detour through intermediate XPUs and compete for their
links, inflating communication time even though the computation is unchanged. This sensitivity of
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Figure 5.1: An 3D torus cluster (Google TPU v4) built from 4 x4 x4 reconfigurable cubes.

communication to layout is what makes placement, not merely admission, the decisive scheduling
problem on a torus.

The three strategies above are not the only ones in use. Mixture-of-Experts (MoE) models
have grown increasingly popular, and they add a fourth dimension, expert parallelism (EP), whose
communication does not fit the near-neighbor mold. In EP, each token is routed at runtime by
a gating function to one or more experts, so it may be dispatched to any expert on any XPU
rather than to a fixed neighbor. The resulting collective is an all-to-all, in which every XPU
exchanges data with an arbitrary, runtime-determined set of peers, which at first glance seems
incompatible with a torus whose strength is near-neighbor traffic. In practice an all-to-all can
still be realized on a torus in one of two ways. The first maps it onto a one-dimensional ring,
exactly as AllReduce is mapped; this is not latency-optimal, but for training, where the all-to-all
overlaps with computation and does not sit on a tight critical path, the extra latency is rarely a
problem. The second spreads a single all-to-all across a two-dimensional plane of the torus [129],
raising the achievable bandwidth and lowering latency by treating the EP dimension as two torus
axes rather than one. Under this second mapping a job that combines data and expert parallelism
still presents a cuboid, three-dimensional shape, its DP degree along one axis and its EP degree
factored across the other two, and so falls within the same shape-based placement framework as
the DP+TP+PP jobs above.

5.1.2 Reconfigurable torus

A torus interconnect wires the XPUs directly to one another rather than through a separate
switching fabric. Each XPU connects to its immediate neighbor along every dimension, and
wrap-around links close each row into a ring, so an n-dimensional torus is a stack of interlocking
rings. Neighboring XPUs communicate at full, non-blocking bandwidth over these direct links,
whereas a pair that is not adjacent must forward its traffic hop by hop through the XPUs in
between, conventionally along dimension-order routes [165]. The ring collectives of the previous
subsection map onto this structure exactly. A ring laid along a torus dimension uses only direct
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neighbor links and requires no forwarding at all.

Since ML workloads heavily rely on ring-based communications, many existing and proposed
system designs [14, 15, 66, 78, 98, 113, 114, 128, 140, 219] adopt a mesh or torus topology to
match their communication pattern. The bandwidth demands of each parallelism differ, with
TP being the most bandwidth-intensive and PP the least. Torus system designs provision for
and ensure uniform worst-case bandwidth. Among these, earlier designs such as the Google
TPU v2/v3 [114] and Amazon Trainium1 [14] clusters were based on 2D torus. As cluster scale
expands, 3D torus becomes advantageous, as it offers lower network diameter and higher bisection
bandwidth than 2D torus.

This directness is what makes a torus economical. By dispensing with the spine of switches
a Clos uses to guarantee uniform any-to-any bandwidth, a torus is far cheaper to build and wire
and scales with little rewiring, but it provides high bandwidth only between neighbors. For a
general-purpose workload that trade would be unattractive; for ML workloads it is a good match,
precisely because the traffic is near-neighbor to begin with. The match holds, however, only when
jobs are placed so that their rings align with the physical rings of the torus, which is what turns
layout into a first-class concern.

A notable constraint of statically wired 3D tori is the immutable nature of their topology,
diameter, and dimensional sizes. In response, the Google TPU v4 cluster [113, 254], the per-job
reconfiguration use case of Chapter 2, breaks a large 4096-XPU static torus into 64 hardwired
cubes and introduces OCSes to dynamically reconfigure the links between the cubes. This not
only improves availability but also proves to enable considerable flexibility for job placement.

As Figure 5.1 shows, each cube contains 4 x4 x4 XPUs, with 6 ports per XPU. The 16 ports on
the opposite faces are connected to the same group of 16 OCSes. More specifically, two opposing
ports at the same position are connected to the same OCS. For example, we label each XPU in
a cube with an (X, Y, Z) coordinate, and the two Z-dimension ports of an XPU are named Z+
and Z-. Port Z+ of (4, 4, 4) and port Z- of (4, 4, 0) are connected to the same Z-dimension OCS.
All 64 cubes are connected to these three groups of OCSes. OCSes allow the face ports of each
XPU to either connect to the opposite face port of the same cube and form wrap-around links, or
connect to the corresponding face port of another cube to form larger shapes, e.g., 4x8x4 and
8 x8x 8 tori.

Reconfiguration thus grants the operator a limited but powerful freedom: the same pool of
cubes can be wired into different torus shapes and sizes to suit the jobs currently running, and a
job that would not fit the standing topology can sometimes be accommodated by rewiring around
it. That freedom is bounded, however, by the granularity of a cube and by the port count of the
OCSes, which caps how many cubes a single optical group can join. These limits, rather than
the abstract ideal of an arbitrarily reconfigurable fabric, define the space in which the placement
algorithm of §5.3 must operate.

5.1.3 Job scheduling

What is commonly referred to as job scheduling in fact comprises two distinct decisions, namely
admission, which chooses whether to start a job and how many XPUs to grant it, and placement,
which chooses which XPUs it receives. On a Clos cluster the big-switch abstraction makes the
second decision almost irrelevant, since any set of XPUs enjoys the same bandwidth to any other,

71



and the scheduling literature has accordingly concentrated on admission. On a torus the two swap
in importance. As the previous subsections showed, the same allocation can run efficiently or
badly depending only on where it lands, so placement becomes the harder and more consequential
problem, and it is the one this chapter takes up. We discuss the two in turn.

On the admission side, a scheduler decides when to start each job and how many XPUs to
grant it. Common policies range from first-come-first-served queues to backfill [167], which
lets later jobs jump ahead to fill idle XPUs, shortest-job-first ordering [21], and more elaborate
schemes that elastically resize jobs or preempt them for fairness or faster completion. Admission
is not the focus of this chapter. We treat it as a knob that sits above placement and study it only
insofar as it interacts with placement.

Placement is where a torus differs most from a Clos cluster, and it is the focus of this chapter.
Placement policies fall into two broad families. Topology-unaware policies ignore the network
structure and hand a job any set of free XPUs, wherever they happen to be. They are simple and
keep utilization high, since almost any free nodes will do, but they scatter a job’s ranks across the
fabric, so its collective traffic contends on shared links and the job slows down. Topology-aware
policies instead place a job on a compact, well-aligned region so that communicating ranks stay
close and contention stays low. They protect performance but are far more restrictive: when no
contiguous region of the right shape is free, the job cannot be placed even though enough XPUs
sit idle elsewhere, which strands capacity and makes jobs wait. This tension, contention on one
side and fragmentation on the other, is the central difficulty this chapter confronts.

The schedulers deployed in industry sit at different points on this spectrum. Some are topology-
unaware, such as Kubernetes, while some HPC schedulers are more topology-aware and support
3D torus allocation. None of them, however, treats the topology itself as adjustable, which is the
third option RFold exploits. We defer a detailed comparison to §5.5.

5.2 Motivation

The question we seek to answer is how to achieve both contention-free job performance and
efficient resource utilization in torus clusters. Can we leverage ML job characteristics and OCS
reconfigurability to place jobs intelligently, and how? A persistent obstacle is the mismatch
between a job’s logical shape and the physical topology. Logical job shapes always assume rings
(at any granularity), but a statically wired physical topology cannot always provide them.

To better understand the impact of suboptimal placement, we ran experiments on a TPU v2
machine in Google Cloud. We place a two-TPU ML job first on a row (ideal) of a 2x2 grid, and
then on the diagonal line (non-ideal). The job’s communication time in the diagonal configuration
is 17% longer than that on a row. We then placed two identical ML jobs, each assigned 2 TPUs,
on the two diagonal lines of the grid, forcing them to compete for a common link. This resulted
in a 35% longer communication time compared to when a single job ran in the same diagonal
configuration. When one job’s communication load was doubled (or tripled), the other measured
job’s communication time escalated by 95% (and 186%), respectively. These results show that the
degree of performance degradation caused by suboptimal placement is unpredictable and can be
very significant. The culprit is dimension-order routing. A job whose XPUs are spread across
non-adjacent positions must forward its collective traffic through intermediate nodes, so every link
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Figure 5.2: Static contention of placed jobs. Baseline is where jobs have no background contention
at all. Space-filling curve (SFC) is the default placement policy being used in the SLURM and
ALPS schedulers.

it shares with another job becomes a point of contention whose cost compounds as the competing
load grows. Crucially, none of these penalties is visible to the scheduler at placement time, which
is why we cannot simply budget for them and must instead rule them out by construction.

The TPU study isolates a single pair of jobs; Figure 5.2 asks how the placement heuristics
shipped in production schedulers contribute to this contention at cluster scale. We sweep a single
main job from a handful of nodes up to the full 4096-node cluster, a 16 16x 16 three-dimensional
torus, and measure the contention that job experiences as it grows. We pack the idle nodes that are
not part of the main job with 2x2x1 background jobs that generate their own collective traffic,
so the experiment captures how that background communication contends with the main job on
shared links. The ideal policy runs the main job with no background jobs at all, and hence no
competing traffic. The five baselines we compare against, here and throughout the evaluation, fall
into two families, and we introduce them once here for reference.

The shape-unaware, or scatter, policies place a job on a set of nearby (or arbitrary) XPUs
without guaranteeing the contiguous ring that its communication pattern assumes. SFC [130], the
space-filling-curve policy that is the default in SLURM and ALPS, maps the three-dimensional
torus onto a one-dimensional Hilbert curve and packs each job into a contiguous segment of that
curve; L1 Clustering, also known as MC1x1 [148], instead greedily gathers the nearest available
XPUs around a seed node; and TopoMatch [108] embeds the job’s communication graph onto the
torus to minimize aggregate communication cost. Random, included as a worst-case reference,
simply assigns each job an arbitrary set of free XPUs with no regard for locality.

The shape-aware family instead requires that an allocation reproduce the job’s logical shape
exactly. Its representative is FirstFit [41], which scans the torus and takes the first contiguous
region that matches the shape; a job it places runs contention-free, but the constraint is stringent
enough that it often finds no fit even when ample XPUs sit idle elsewhere.

None of these policies can reshape the underlying fabric, and for the scatter family that is
decisive: a statically wired torus cannot always supply the ring that a job’s logical shape assumes,
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and the surplus traffic spills onto links shared with the background jobs. The trend is evident
in Figure 5.2. As the main job grows and occupies more of the cluster, it contends with more
background traffic, and its JCT slowdown relative to the ideal placement climbs to as much as
2.5x-3x. This performance gap is the penalty of suboptimal job placement.

FirstFit is the exception in this figure, and instructively so. It stays within 13% of ideal
across the sweep, because a job it does place is contiguous and runs without contention. What
the experiment cannot show is the price of that guarantee: a single main job on an otherwise
empty cluster is the easiest case FirstFit will ever face. Once a stream of jobs arrives and departs
asynchronously, its shape constraint strands idle XPUs and leaves jobs queued behind allocations
that will not fit, which is the regime §5.4 measures. Neither family is satisfactory, then, and the
two fail in opposite ways: the scatter policies pay in contention, FirstFit pays in placeability, and
no policy confined to a static fabric escapes the trade.

Therefore, our goal is to minimize contention by enforcing the job shape so that allocated XPUs
and links are always exclusive to the job, and to do so without inheriting FirstFit’s placeability
penalty.

5.3 RFold resource allocation

Folded 1D job
(18x1x1)

Original 2D job
(1x6x4)

Folded 3D job
(4x2x3)

Folded 3D job
(4x4x4)

Unused

v

\5\5\_\\\* () /// 4x4x4 XPUs
Y X

(cube)

Figure 5.3: Demonstration of 1D, 2D and 3D job folding in a 3D torus. Each 4x4x4 cube is
reconfigurable, with wrap-around links (not displayed) to itself on the X and Z axes, and to the
other cube on the Y axis.

In this section we introduce RFold, a resource allocation scheme that treats the cluster topology
as an adjustable resource rather than a fixed one. Its goal follows from the tension identified
in §5.1.3: place every job on a compact, well-aligned region so that its collective traffic stays
fast, while leaving the unused capacity in shapes that later jobs can still occupy. On a static
torus these two aims pull against each other, because the only way to keep a job compact is to
find a contiguous region of exactly the right shape, and such regions grow scarce as the cluster
fills. RFold eases the conflict by changing what “the right shape” means and, when needed, by
changing the fabric itself.

RFold rests on two complementary techniques, reconfiguration (§5.3.1) and folding (§5.3.2).
Reconfiguration adapts the underlying topology to the job by rewiring the optical circuit switches,
so that cubes sitting apart in the machine can be joined into the torus a job needs. It is the capability
that prior torus schedulers lack, and the one that lets RFold host shapes a static torus can never
place, restore wrap-around links to jobs that would otherwise run without them, and defragment
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the cluster by re-joining scattered cubes. Folding, in turn, rewrites a job’s logical shape into
equivalent physical shapes that are easier to place, giving reconfiguration more footprints to try
and wasting fewer cubes on partial occupancy. Reconfiguration changes the fabric to fit the job;
folding changes the job to fit the fabric.

Both techniques spend a scarce resource. A reconfigurable OCS link is worth more than a
plain link, because only OCS links can be rewired to change the topology or to defragment, and
every OCS port a job ties up is one unavailable for a future reconfiguration. This leads to the core
heuristic of RFold: among all the placements a job admits, the best one consumes the fewest cubes
and the fewest OCS links. Reconfiguration and folding generate the placements, the heuristic
chooses among them, and §5.3.3 makes that choice precise.

5.3.1 Reconfiguration

A static torus is commonly constructed with an equal number of XPUs in every dimension. For
example, a 4096-XPU cluster would be built as 16 x16x16. The static nature of this design limits
the job shapes that can be supported. Consider a job that requires 4 x4 x32 XPUs. While the
total number of XPUs required can be met, with the shape constraint, this job can never be placed
because one of its dimensions exceeds the maximum dimension size of the torus (32>16).

Reconfigurable torus offers more flexibility in job placement, i.e., it can support more shapes
by adapting the runtime topology to the job shape. Recall the TPU v4 cluster described in §5.1. It
contains 64 4 x4 x4 hardwired cubes, and any two cubes can be connected via the OCSes to form
a larger torus. Hence, to place the 4 x4 %32 job, we do not have to find 32 contiguous XPUs in
one dimension. Instead, we only need eight 4 x4 x4 cubes to be reconfigured side-by-side.

Supporting otherwise-unplaceable shapes is only the first of three things reconfiguration buys.
The second is wrap-around links. A ring collective needs its two ends joined, and on a static
torus that closing link exists only when the job spans an entire dimension. Because RFold makes
the reconfigurable unit a 4x4 x4 cube rather than the whole machine, any job whose sides are
multiples of four can close its rings through the OCS, so far more jobs run with the low-diameter
communication a torus is meant to deliver. The third is defragmentation and failure handling.
Since the OCS decides at runtime which cubes are adjacent, cubes freed by departing jobs can be
rejoined into a fresh contiguous region instead of being stranded as scattered holes, and a cube lost
to a hardware fault can be switched out of the torus and replaced by a spare without renumbering
the survivors. We quantify these last two benefits in §5.4.4 and §5.4.5.

When job shapes are not a multiple of four, for example 4 x4 x 34, the mapping results in at
least one partially used cube. To address this fragmentation, we could construct smaller cubes,
like 1x1x1, to ensure full utilization. Yet, such a design would constrain the cluster’s overall
scale because if all torus links are OCS links, the OCSes would quickly run out of ports. We
primarily focus on 4 x4 x4 cubes in our proposal since it is practical with current technology. The
cube size is thus a design knob that trades placement flexibility against optical cost. Finer cubes
can be rejoined more independently and make more shapes placeable, but they demand more OCS
ports, and port count is what ultimately bounds how fine the tiling can be; §5.4.5 examines this
trade-off in depth.

Although reconfiguration generally makes it easier to satisfy the job shape constraints, it is
not unconstrained: the TPU-style fabric can rewire only certain links, and three limits follow that
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RFold must design around. First, each cube is only reconfigurable on its faces. If a cube has
available XPUs in the core but all face XPUs are used, its available XPUs cannot be connected to
other cubes to host a larger job. Second, an XPU on the face can only connect to the corresponding
XPU in another cube at the same position. Thus, even with enough available XPUs in two
combined cubes, the two halves might not be allowed to connect if they are misaligned. Third,
jobs in a reconfigurable torus only receive wrap-around links when their shapes are a multiple of
the cube dimension size N. Nevertheless, in cases where the job shape is not a multiple of N, jobs
suffer from poor communication performance. This last limit, rings that cannot close, is precisely
what folding is built to repair, which we turn to next.

5.3.2 Folding

Folding changes the job shape to make the job easier to place, given the existing topology and
resource availability. Thus, it complements reconfiguration and helps overcome the limitations just
described. It is worth noting that rotation [52, 67] is a widely used technique in multi-dimensional
bin packing. When placing a job within a 3D torus, rotation offers 3! = 6 distinct placement
options while preserving the job shape. We assume rotation is a default behavior incorporated
into all placement policies and is therefore not considered a specific aspect of folding.

When a job arrives, the scheduler leverages folding to find all the shape variants homomorphic
to the original shape requested by a job. An original shape can be folded to another shape as long
as the communication pattern can be faithfully mapped onto the new shape. Then the scheduler
evaluates each of these shape variants by invoking reconfiguration. The shape variant consuming
the least amount of cubes is chosen and committed. Since jobs in a 3D torus usually communicate
in one, two, or all three dimensions, they are henceforth referred to as 1D/2D/3D (shaped) jobs.
We illustrate how folding works for these jobs using the examples in Figure 5.3.

1D folding. 1D jobs have a shape of Ax1x 1, which indicates that the communication happens
between A XPUs along a one-dimensional ring (e.g., data-parallel only). A naive scheduler that
treats all jobs in a 3D torus as 3D would allocate A XPUs along a straight line for these jobs. If
A is not a multiple of cube size N, these jobs do not get wrap-around links, and cannot form a
ring. In such unfortunate cases, the resource allocation and job shape mismatch would result in
performance penalties. However, shape Ax1x1 does not necessarily require all A XPUs to be
placed on the same dimension. Rather, these A XPUs can be arbitrarily allocated as long as they
form a cycle/ring. Therefore, the main task in 1D folding is to find a simple cycle of length A
given the grid graph of currently available XPUs.

As an example, the green job in Figure 5.3 (left) is a 1D job of shape 18x1x1. There are
only two available 4 x4 x4 cubes and they are reconfigured to form a larger 4 x8x4 3D torus. No
single dimension in this torus can provide 18 consecutive XPUs. With folding, we are able to find
18 scattered XPUs forming a cycle to meet the job shape requirement. Note that this example
demonstrates how a 1D job is folded to 2D, but 1D jobs can also be folded to 3D in the same way.
The only requirement is to find an A-XPU cycle.

2D folding. 2D jobs (of shape AxB x 1) manifest a two-dimensional communication pattern,
e.g., DP along one dimension and TP along the other dimension. For instance, the blue job in
Figure 5.3 is a 2D job of shape 1x6x4, which requires the XPUs to communicate along the Y
and Z dimensions. Though this 2D job can be placed as shown, it leads to two issues: (1) The 6
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XPUs along the Y dimension are not a multiple of 4, so there is no wrap-around link. (2) There is
resource fragmentation along the X dimension. The remaining 3 XPUs along the X dimension are
unable to serve jobs of even shape sizes, which are the majority of jobs.

Folding can mitigate these two issues. Specifically, we can fold the original 2D job to a 3D
job of shape 4x2x3 (orange job). This is feasible because shape 1x6x4 is graph-homomorphic
to shape 4x2x3. Communication along the Z dimension in the original 2D job can be mapped
to communication along the X dimension in the folded 3D job. Communication along the Y
dimension in the original 2D job now becomes communication along the Y’ direction (circular).
This is how folding forms a cycle for non-multiple-of-4 shape sizes even if there is no wrap-around
link. This technique of forming a cycle is applicable to most jobs with even shape sizes. Note that
a 2D job can also be folded to another 2D job. 2D-to-2D folding works similarly to 3D-to-3D
folding. Next, we discuss how 3D-to-3D folding works.

3D folding. True 3D jobs have shape sizes greater than 1 in all three dimensions, and
communicate in all dimensions. This characteristic makes them the least “foldable” compared to
1D and 2D jobs. Without loss of generality, it is easy to fold an M-dimensional job to an (M+1)-
dimensional torus because the extra dimension can accommodate communication requirements
from the lower dimensions. But folding an M-dimensional job in an M-dimensional torus is
non-trivial because of the communication requirements.

Nonetheless, certain 3D jobs can be folded, such as the red 3D job in Figure 5.3 (right). The
original 3D job has a shape of 4x8x2. To place it as is, we need two 4 x4 x4 cubes reconfigured
to form a 4 x8x4 torus. Half of the job will be placed in the left cube and the other half in the
right cube. Through folding, it is possible to place the entire job in one single 4 x4 x4 cube.
Essentially, the left half of the job (light red) is folded to the bottom half of the right cube, e.g.,
the front-top-left XPU maps to the front-bottom-right XPU.

The original shape 4x8x2 is homomorphic to the folded shape 4 x4 x4 with special commu-
nication mapping. More specifically, communication along the X dimension remains unchanged.
Communication along the Z dimension also remains the same, since the top two layers and
bottom two layers of the cube communicate between themselves along the Z dimension. Hence,
the Z-dimension links in the center between the middle two layers are not needed (greyed out).
Communication along the Y dimension is mapped differently for the two layers of the original
job shape. We label them Y1 and Y2. Y2 is mapped to Y2’ (circular), similar to the 2D folding
example. For communication along Y1, we cannot find a direct cycle like Y2’. So we take
advantage of the wrap-around links and map Y1 to Y1’. The XPUs on the top and bottom layers
first communicate along the Y dimension, then use the wrap-around links to communicate with
each other without traversing the middle two layers.

On the other hand, a job of shape 4 x8x3 cannot be folded to 4 x4 x6 in the same way because
only the innermost two layers and the outermost two layers can form a cycle to communicate. In
the case of 4x8x3, the middle layer cannot be mapped to any cycle in the 4x4x 6 shape.

Overall, jobs can be ranked by their “foldability” in the following order: 1D>2D>3D. When
placing multiple new jobs, we should prioritize 3D jobs and then 2D jobs because 1D jobs can fit
into the available space with minimum effort.
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Table 5.1: Notation. The lower group are the rank-key components of Eq. 5.1; smaller is always
better.

Symbol  Meaning

J,s arriving job; its logical shape s, xs, X s,

D, N torus dimensions D, x D, x D_; cube side (the torus is tiled into
N xN xN cubes)

F set of currently free XPUs

V,C fold variants of s; candidate placement pool

1 search failure (no placement found)

frag # cubes newly fragmented: fully idle before, partially occupied
after

cubes # distinct cubes touched

multthop # ring edges left to multi-hop routing
cost compactness-scorer tiebreak

5.3.3 Placement algorithm

The previous two subsections describe reconfiguration and folding as separate capabilities. This
subsection ties them into a single placement engine and makes precise the core heuristic of §5.3,
which is to prefer, among all placements a job admits, the one that fragments the fewest idle cubes,
then the one using the fewest cubes, then the one with the best communication. The hardware
model shapes every rule here. Only the links inside a cube are fixed wiring, while every inter-cube
link is an optical circuit, so any two cubes are equally reachable and circuits themselves cost
nothing. The one physical scarcity is that each face port holds a single circuit at a time. Table 5.1
collects the notation used throughout.

Algorithm 3 presents RFold, the scheduler’s placement engine. It has two objectives. It
must never admit a job later than a folding-only placer would, and it must admit strictly earlier
whenever the optical fabric offers a placement that folding cannot express. The design lesson
is that reconfiguration must be available as a mechanism at every level of the search, while
the objective that arbitrates among placements must be protecting future placeability. Every
preference we tried that overrides it for another virtue (circuit frugality, shape fidelity, even a
preference for contiguity itself) lost more than it gained.

Candidate generation (lines 1-7). Line 2 decouples the job’s logical shape from its physical
footprint. By re-shaping s into other cuboids of equal size (e.g., 1x1x6 — 2x3x1), folding
lets a job whose native shape fits nowhere fit after deformation. Lines 6—7 then probe every
variant with both placement mechanisms, a solid free cuboid (Algorithm 4) and a non-contiguous
placement across cubes (Algorithm 5), and pools the results as equals. Nothing prefers one
mechanism over the other by fiat. Where a solid box wins, it wins because it fragments fewer
cubes or communicates better, judged by the same key as every other candidate.

Selection (lines 8-12). Line 10 chooses the candidate that minimizes the rank key

RANKKEY(p) = (fmg, cubes, multihop, cost) (5.1)
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Algorithm 3 RFOLD(J, F'): place arriving job J on the free XPUs F’; notation in Table 5.1.
Called once per scheduling event; returns PLACED, DEFER, or DROP.

1: // Step 1: enumerate candidate physical footprints.
2: V = {s} UFOLDVARIANTS(s) // equal-size cuboid re-shapings of s
3:C =10
4: forv eV do
5: // Step 2: both mechanisms feed one candidate pool.
6: C' = C' U {CONTIGUOUSSCAN(v, F')} \ {_L} // Algorithm 4
7: C' = C' U {NONCONTIGUOUSPLACE(v, F')} \ {_L} // Algorithm 5
8: // Step 3: choose by the fragmentation-led ranking of Eq. 5.1.
9: if C' # () then
10: p* = arg min,ec RANKKEY(p)
11: WIREOCS(p*) // install the OCS circuits realizing the winner’s ring edges
12: return PLACED(p*)
13: // Step 4: 1-D last resort, then the defer/drop oracle.
14: if ONEDIMENSIONAL(s) and (p = SNAKE1D(J, F')) # L then
15: return PLACED(p) // one ring can thread arbitrary free XPUs

=)}

. if not PLACEABLEONIDLE(.J) then
return DROP // memoized: Steps 1-2 on an idle torus; impossible forever

: return DEFER

—_— =
® X

(components in Table 5.1; k; denotes the i-th) under the lexicographic order
p<p <= ki(p) < ki(p) at the first : where they differ. (5.2)

Eq. 5.2 turns four numbers into one verdict, and it does so deliberately without a weighted sum,
because each component is an absolute veto over everything after it and there are no weights to
tune. frag leads because idle cubes are the currency every future job draws on. A placement that
consumes whole cubes, or adds to cubes that are already fragmented, costs the future nothing;
each cube newly taken from fully idle to partially occupied is one fewer home for the jobs to
come. cubes and multihop follow, asking the placement to use less of the machine and then
to communicate in fewer hops. Notably absent is any key that prices circuits or distance. On
this hardware a circuit between far cubes costs exactly what one between neighbors costs, so
frugality with either would optimize a quantity that does not exist. Port exclusivity, the one real
scarcity, enters as a feasibility rule during wiring (Algorithms 4 and 5), not as a preference. We
considered other heuristics before settling on this key. One is an occupancy-adjacency tiebreak,
which, among candidates that tie on the components above, prefers the placement sitting closest
to already-occupied XPUs, on the reasoning that packing work against work leaves the remaining
free space in larger pieces. Another is a contiguity-first tier, an extra leading component that
ranks every contiguous placement above every non-contiguous one, on the reasoning that a solid
cuboid always communicates best. Neither survives measurement. Occupancy adjacency judges a
placement by the shape of the current boundary rather than by the cubes it consumes, so it steers
work into partially occupied cubes without regard for whether the remainders it leaves are usable,
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Algorithm 4 CONTIGUOUSSCAN(v, I'). The best placement of fold variant v inside one solid
free cuboid.

1: best = L

2: for p € ROTATIONS(v) do // up to 6 axis permutations

3: for anchor a € D do // every position, wrapping around the torus

4: if XPUS(p,a) C F then

5: p = MAKEPLACEMENT(p, a)

6: for ring edge ¢ € RINGEDGES(p) do

7: if TORUSADJACENT(e) then pin e

8: else if OCSREALIZABLE(e) and PORTSFREE(e) then wire e
9: else multihop(p) += 1// rides the shared fabric

10: best = MINBY(RANKKEY, best, p)

11: return best

and over a long sequence of greedy decisions it carves the free space into pieces no future job
fits. The contiguity-first tier fails for the opposite reason, because it makes the mechanism the
objective. Once cubes may be shared, a non-contiguous placement that consumes no idle cube is
worth more to the future than a contiguous one that breaks a fresh cube open, and a tier that vetoes
the former on principle forfeits that trade whenever it arises. Both are the same mistake, which is
overriding placeability for a virtue that only resembles it. Line 11 installs the winner by wiring its
OCS circuits, so communication quality becomes a property of the fabric, not of routing luck.

Last resorts and the oracle (lines 13-18). A one-dimensional job is a single ring, which
can thread arbitrary free XPUs as long as consecutive ranks stay adjacent; line 14 runs this snake
search under a fixed budget. Finally, lines 16—18 separate “not placeable now” from “not placeable
ever”. The oracle replays Steps 1-2 against an idle torus (memoized per shape), and only a job
that fails even there is dropped. Without it a permanently impossible job would defer forever and,
under first-come-first-served admission, stall the entire cluster behind it.

Contiguous search (Algorithm 4). Lines 2-3 make the cuboid search exhaustive, trying
all axis rotations of the footprint anchored at every torus position with wraparound. Lines 7-9
classify each ring edge instead of gating the placement on it. Edges between torus neighbors are
pinned directly, edges the OCS can serve are wired, and the remainder increment multihop(p).
This keeps feasibility and preference apart, so placeability stays maximal while Eq. 5.1 expresses
taste. An edge is OCSREALIZABLE when its endpoints lie on cube faces of one axis at the same
within-face position. Between two distinct cubes either face may pair with either (an optical light
path has no polarity), while within one cube only the opposite-face pair exists, which is the wrap
that closes a one-cube-wide ring. PORTSFREE enforces the one hardware scarcity. A face port
holds a single circuit, and an edge that rides a cross-cube torus adjacency is itself occupying the
default circuit on both of its ports, so a would-be wire whose port is already spoken for rides the
shared fabric instead of double-booking it.

Non-contiguous search (Algorithm 5). Line 3 cuts the footprint into cube-sized tiles, and line
4 packs those tiles into the free space under a search budget, with three freedoms the placement
of a solid cuboid does not have. A tile may land in any cube, at any within-cube offset that fits,
and several tiles, of this job or of jobs already running, may share one cube on disjoint XPUs.
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Algorithm 5 NONCONTIGUOUSPLACE(v, F). Places fold variant v across cubes connected
through the OCS.
1: best = L
2: for p € ROTATIONS(v) do // all 6 axis permutations
3: tiles = TILE(p, N) // cut the footprint into cube-sized tiles
4: A = PACKTILES(tiles, F') // budgeted DFS: each tile onto any (cube, offset) whose
XPUs are free; tiles may share a cube; fragmented cubes tried before idle ones

5: if A # 1 then

6: p = MAKEPLACEMENT(A)

7: for ring edge ¢ € RINGEDGES(p) do

8: if TORUSADJACENT(e) then pin e

9: else if OCSREALIZABLE(e) and PORTSFREE(e) then wire e
10: else multihop(p) += 1// rides the shared fabric
11: best = MINBY(RANKKEY, best, p)

12: return best

The candidate order concentrates fragmentation, trying cubes that are already partially occupied
before idle ones, so remainders pile into existing fragments instead of opening new ones. This is
the capability folding lacks, and it lets RFold place jobs whose sides do not divide the torus axes,
jobs longer than an axis, and jobs arriving to fragmented or partially failed fabric. Lines 8—10
classify ring edges exactly as the contiguous search does, and the classification never vetoes a
placement. An earlier revision rejected any assignment whose ring edges could not all be wired,
which silently restricted non-contiguous side lengths to powers of two, so that a shape with a
side of 6 could only place contiguously or defer. Treating unwirable edges as multthop makes
placeability maximal here too, while Eq. 5.1 charges the communication debt.

Algorithm 4 alone is the folding-only placer, and RFold degenerates to exactly it when the
cube is the whole torus and no OCS exists, so RFold’s candidate pool is a strict superset of
folding’s at every decision. Every use of the optical fabric beyond the default configuration is
therefore a measured improvement. Wiring circuits closes partial-axis rings at one hop, which
folding cannot express even for the same cuboid, and non-contiguous placement admits jobs in
states where folding-only would have deferred them and idled the fabric. What keeps this power
disciplined is not a rule against using it but the ranking itself, since frag makes every candidate,
solid or not, pay for the idle cubes it breaks, so the greedy trajectory preserves whole cubes for
the jobs to come while spending reconfiguration wherever it buys admission.

5.4 Evaluation

The goal of this evaluation is to understand, quantitatively, where RFold helps, where it does not,
and how it compares against the placement policies already deployed in torus clusters. We are
interested in RFold’s behavior across the range of conditions a shared cluster actually encounters,
from light to near-saturating load and under several different admission policies.

Our study is simulation-based. Reproducing these effects on real hardware would demand a
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Figure 5.4: Joint distribution of job size (XPUs per job) and duration across five public ML cluster
traces, drawn as per-trace log-log 2D heatmaps. Color encodes probability mass. In every trace
the mass concentrates in the lower-left corner; most jobs are small and short.

reconfigurable, multi-thousand-XPU cluster and weeks of trace replay for every configuration,
which is impractical; simulation instead lets us sweep loads, cluster sizes, and policies freely. We
build on astra-sim [190, 232], a widely used simulator of distributed ML workloads that models
per-rank job traces and collective communication in detail, and extend it in three ways for our
setting. First, we add multitenancy support, so that many jobs are admitted, placed, and run
concurrently on one shared cluster rather than a single job in isolation (which is what astra-sim
is originally designed for). Second, we add a reconfigurable network backend that models OCS
reconfiguration and lets the topology change at runtime. Third, we add a scheduling runtime that
implements the admission and placement policies compared throughout this section.

Unless otherwise noted, our main results target an 8 x8x 8 3D torus built from reconfigurable
cubes, the same cube-based reconfigurable architecture used in production TPU clusters [113].
This is the configuration in which RFold’s folding and reconfiguration both have room to operate,
and it is representative of the systems that motivated this work.

5.4.1 Workload characteristics

Before sweeping the load, we characterize the workloads that drive our experiments through a
short study of publicly available ML cluster traces [36]. Two properties matter for placement: the
distribution of job sizes and shapes, which sets how hard jobs are to pack, and the offered load,
which sets how heavily the cluster is contended.

Figure 5.4 shows, for five public traces (Philly [109], MLaaS [229], Helios [104], Acme [105],
and Crux [33]), the joint distribution of job size (XPUs per job) and duration as a log-log two-
dimensional heatmap. Across every trace the probability mass concentrates in the lower-left
corner, where the overwhelming majority of jobs request only a handful of XPUs and run for a
short time, while a heavy tail stretches toward large, long-running jobs. Job sizes thus follow a
small-heavy, Pareto-like distribution, and durations are similarly short-heavy. This heavy-tailed
shape is exactly what makes placement hard. The many small jobs fragment the cluster, while the
rare large jobs are the ones most likely to be unplaceable on a static torus.

To quantify how heavily a cluster is used, we adopt the standard queueing-theory notion of
offered load. The load p is >

S
T
=T (5.3)
where 7' is a time duration to observe, S is the job size in X PU - hours, and N is the number
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Figure 5.5: Timeseries of cluster load for several public ML cluster traces. Offered load differs
widely across clusters, from heavily loaded (Philly, Helios) to lightly loaded (MLaaS, FGD).

of XPUs in the cluster. ) .. S is the total amount of work to be done within the observed time
duration, and NV - T'is the available capacity of the cluster.
Note that we also have

> S=X-E[S]-T (5.4)
T

where ) is the job arrival rate. Given a target p, e.g., 0.5, we can derive the mean inter-arrival time
. 1 E[S]
E[IAT] = X" N (5.5
Figure 5.5 plots the hourly load over time for each trace. The striking feature is how much it
varies from cluster to cluster. Some clusters are heavily contended, sitting at a load of roughly 0.7
to 0.8 for long stretches (Philly and Helios), whereas others are far more lightly loaded, operating
around 0.2 to 0.4 (Acme) or even lower (MLaaS and FGD). No single load level is representative
of production. We therefore do not evaluate at one fixed load; instead, the experiments that follow
sweep the offered load across the whole range, so that our conclusions cover both the congested
and the underutilized regimes that real clusters exhibit.
From these observations we construct the synthetic traces that drive the rest of the evaluation,
as follows. Job sizes are drawn from a Pareto distribution over the integers from 1 to 128,
reproducing the small-heavy shape of Figure 5.4. Not every integer in this range is an admissible
legal size. ML job shapes must map onto a 1D, 2D, or 3D shape, so its size must factor into at
most three dimensions. Each dimension is either one or an even size. A size is therefore legal
only if it admits at least one such factorization. We draw job sizes from the Pareto distribution
restricted to these legal sizes. Once a job’s size is fixed, we enumerate all of its legal shapes under
the same per-dimension rule and draw the job’s shape uniformly from that set. A job’s duration is
represented by its number of iterations, sampled from a Pareto distribution truncated to between 1
and 10 iterations, which keeps the simulation tractable. However, note that real-world ML jobs
could run for thousands of iterations. To assemble these jobs into a trace at a target load, we
assume a Poisson arrival process and invert the load relation of Equation 5.5. Given each job’s
size and duration, we set the mean inter-arrival time so that the offered load matches the target,
and emit the jobs in arrival order. Each constructed trace contains 100K jobs, long enough for the
cluster to reach steady state so that the warmup and drain phases in the simulation are negligible.
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Figure 5.6: Average JCT versus load sweep of different placement policies. Subplot (a) uses FIFO
as the admission policy, (b) uses Backfill, (c) uses SWF, and (d) uses LISF.

5.4.2 Admission and placement policies

A production cluster often observes varying load levels. Sometimes it is lightly loaded, and at
other times jobs arrive in bursts that create high loads. To understand how job scheduling behaves
across this whole range, we sweep the load from low to high and measure the performance of
each admission and placement policy. Two questions guide the study. First, how do shape-aware
and shape-unaware placement policies compare across the full load spectrum, and how much
load can each absorb before its job completion time runs away? Second, how sensitive is the gap
between them to the admission policy the operator happens to run? A placement policy is only
useful in production if its advantage holds up under whatever admission policy sits on top of it.
Using the offered-load definition of §5.4.1, we sweep the load p from 0.05 to 1.0 and plot the
average JCT that each policy delivers. To put the different policies and their JCT numbers into
perspective, we normalize the average JCT at every load to that of an “ideal” placement. The
ideal placement is a hypothetical, fully connected mesh over the same 512 XPUs, in which every
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XPU sits exactly one hop from every other. A job’s logical neighbors are therefore always directly
connected, and no two flows ever share a physical link. Hence, a job experiences no network
contention at all and runs at its contention-free minimum. Such a full mesh is too expensive to
build at this scale, so it only serves to demonstrate the best theoretical performance. A curve
sitting at 1 x means the policy matches this contention-free performance thus is optimal, while
any excess above 1x is the combined penalty of network contention and queueing delay. Each
point is an average over independently generated traces.

The load sweep compares six placement policies. Five are the baselines introduced in §5.2:
the shape-unaware, or scatter, policies SFC [130], L1 Clustering [148], TopoMatch [108], and
Random, none of which enforces contiguity; and the shape-aware FirstFit [41], which places a
job only on a contiguous region of the static 8 x8x 8 torus that matches its shape exactly. The
sixth is RFold. RFold is shape-aware as well, but it is the only policy in the comparison that is
reconfiguration-ready. Instead of searching a fixed topology, it folds the job shape and reconfigures
the underlying fabric together, obtaining a contention-free contiguous allocation without being
blocked by the fragmentation that stalls FirstFit. Every other policy operates on the fixed torus
and cannot rewire a single link.

Figure 5.6a sweeps the load under FIFO admission, which admits jobs in strict arrival order
and lets an unplaceable job block every job behind it, which is often referred to as head-of-line
(HOL) blocking. Every curve shows the classic queueing signature, a long, nearly flat region at
low load followed by a sharp, near-vertical shoot-up. The flat region sits just above 1x because at
low load a job rarely overlaps with others, so its only penalty is the modest contention of its own
placement. The shoot-up marks the stability knee. As the offered load approaches the effective
service rate of the cluster under that policy, jobs begin to arrive faster than they drain, the queue
builds without bound, and the average JCT diverges. The horizontal position of the knee is thus
the maximum load the policy can sustain.

The knees sit well below 100% load, for two distinct reasons that separate the two families.
A scatter policy loses capacity to contention. Every admitted job runs longer than its ideal time
due to network contention, so it holds its XPUs longer than the offered load budgeted for, and the
cluster’s effective service rate drops below its raw capacity. The heavier the contention, the earlier
the knee, which is why Random saturates first, near 46% load, TopoMatch shortly after near
48%, and SFC and L1 Clustering later, both near 54%. A shape-aware policy loses capacity for
the opposite reason. FirstFit introduces no contention, but its shape constraint leaves many jobs
unplaceable, and under FIFO a single unplaceable job at the head of the queue blocks every job
behind it. This HOL blocking idles XPUs and throttles throughput, dragging FirstFit’s knee down
to about 44%, as early as the worst scatter policy, even though its jobs run at near-ideal speed
once placed. This indicates that under FIFO, the shape constraints and HOL blocking degrade
performance more than contention does.

RFold escapes both failure modes. Folding preserves the contention-free shape, so its jobs run
at near-ideal speed like FirstFit’s, while reconfiguration removes the fragmentation that would
otherwise block them. Its effective service rate is consequently the highest of the group, and its
knee sits furthest to the right, near 58% load. Across the whole sweep RFold’s curve is also the
lowest, meaning that at any given load it delivers the shortest average JCT. Under FIFO, then,
RFold sustains a meaningfully higher load than every baseline before saturating.

We next ask whether this advantage is an artifact of FIFO. FIFO is the strictest admission
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policy, honoring arrival order absolutely and, as we saw, letting one stuck job stall the queue.
The remaining panels replace it with three policies that relax that ordering. Backfill, shown in
Figure 5.6b, keeps the arrival order for the job at the head of the queue but lets later jobs jump
ahead to fill otherwise-idle XPUs, as long as they do not delay the head job’s reservation; this
directly targets HOL blocking. Shortest Work First (SWF), in Figure 5.6c, serves the job with
the smallest amount of work in the queue first, where work is defined as the number of XPUs
requested times the job duration, which both lowers the mean waiting time and keeps a large or
unplaceable job from monopolizing the front of the queue. Largest Job Size First (LJSF) does the
reverse, prioritizing the job requesting the largest number of XPUs in the queue. It is inspired by
online bin-packing heuristics [52, 67]. A cluster can serve more jobs in parallel if it packs them
tightly, and heuristics such as First-Fit Decreasing (FFD) [49] place jobs from largest to smallest
to increase packing density.

Comparing the panels shows that the admission policy reshapes the ranking most for the
shape-aware baseline. FirstFit is by far the most admission-sensitive policy. Its knee moves from
about 44% load under FIFO to about 50% under SWF, and beyond 72%, the highest load we
sweep, under Backfill. Under SWF the rise is gradual rather than near-vertical, since SWF sheds
pressure by deferring the largest jobs. The reason is precisely HOL blocking. FirstFit’s ceiling
under FIFO is set not by contention but by the jobs it cannot place, and both Backfill and SWF let
the queue flow around such a job instead of stalling on it, recovering most of the lost throughput.
The scatter policies, in contrast, barely move between panels, because their ceiling is contention,
which no admission policy can undo, so SFC, L1 Clustering, TopoMatch, and Random all saturate
in the same 46-56% band regardless of the admission policy.

LJSEF, in Figure 5.6d, is the one panel in which RFold does not come out best. Here SFC
sustains the highest load, near 55%, while RFold saturates near 48% and FirstFit near 40%. The
cause is an interaction between LISF’s admission policy and RFold’s contiguity requirement.
LJSF admits with a strict-stop sweep: it selects the largest pending job as the head, and if that job
cannot be placed, admission halts entirely and no smaller job may bypass it. Under FIFO the head
is a fresh draw from the size distribution, and most jobs are small, so blocking episodes are rare
and brief. Backfill explicitly routes around a blocked head, and SWF picks the smallest job. LISF
is the only policy that maximizes the head’s size on every sweep, and at these loads a large job is
almost always pending, so the head persistently demands a large contiguous region.

This is the worst possible input for a contiguity-constrained placement. RFold defers whenever
it cannot find a foldable block, so it repeatedly stalls the whole cluster until completions coalesce
a large region, and its ceiling drops to about 48%, below the contention ceiling of SFC, which
never defers on geometry and so cannot be fragmented by admission order at all. The reversal
is narrow rather than general. It does not make the scatter policies better, only RFold worse,
and LJSF remains the worst admission policy for every scatter placement’s average JCT, since
largest-first is close to the opposite of the shortest-job-first policy that minimizes mean waiting
time. The takeaway is that although LISF resembles the FFD-based online bin-packing heuristics
in concept, largest-first admission does not carry over well to a shape-aware scheduling setting,
where insisting on the largest job at the head of a queue introduces excessive HOL blocking.
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Figure 5.7: (a) time-averaged cluster occupancy and (b) effective utilization versus offered load,
for the different placement policies under FIFO admission.

5.4.3 Cluster utilization

How much of the cluster a placement policy keeps busy can be read in two ways, and the two
tell very different stories. The first is raw occupancy, the time-averaged fraction of XPUs that are
allocated to a running job, shown in Figure 5.7a. At any instant, some of the cluster’s XPUs are
assigned to admitted jobs while the rest sit idle, and the instantaneous occupancy is simply the
ratio of the former to the total. Because this ratio fluctuates as jobs arrive, run, and depart, we
average it over the whole simulated run, weighting each occupancy level by the time the cluster
spends at it. An occupancy of 0.8 thus means that, averaged over time, four out of every five
XPUs were held by some job. Note that an XPU counts as occupied the moment it is allocated,
regardless of whether the job on it is making progress or stalled waiting on a congested link, a
distinction that becomes central below. The dotted ideal line marks where occupancy would equal
the offered load, the level a cluster would reach if every job ran at its contention-free speed, so
that each unit of offered work kept exactly its own share of XPUs busy and no more.

Read this way, FirstFit and RFold behave as one would expect. Their occupancy climbs with
load along the ideal line and then plateaus once the cluster saturates and no further work can
be admitted. The scatter policies, however, look superficially far better, with occupancy that
climbs steeply and approaches almost 100% at high load. Because these policies enforce no shape
constraint, they can pack XPUs densely and keep nearly the whole cluster allocated. The catch is
that their occupancy rises faster than the ideal line and pushes well above it. Occupancy should
never exceed the offered load, since the offered load already accounts for all the work the admitted
jobs would do at full speed. A curve above the ideal line therefore signals that jobs are holding
their XPUs longer than their contention-free runtime would require. In other words, the scatter
policies’ high occupancy is a symptom of contention rather than efficiency. Their XPUs spend
extra cycles fighting over shared links, so each job lingers and inflates the fraction of the cluster
that appears busy.

Raw occupancy is thus a misleading measure of how much a cluster actually accomplishes,
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Figure 5.8: Average JCT versus offered load under node failure, for the different placement
policies at failure rates of 0%, 0.5%, and 1%, using FIFO admission.

because it credits contention-inflated residency as if it were useful work. The honest measure
is effective utilization, shown in Figure 5.7b, which counts only the productive fraction of each
occupied XPU’s time. We discount every job’s occupancy by its slowdown, so an XPU running a
job that contention has slowed by 2x contributes only half a unit of effective utilization rather
than a full one. Effective utilization therefore measures the rate of genuinely useful work, and by
construction it can never exceed the offered load, which makes the ideal diagonal a true ceiling.
This strips away exactly the contention inflation that flattered the scatter policies under occupancy.

Under this metric the ranking inverts. All six policies track the ideal diagonal until roughly
45% load and then plateau. The scatter policies’ near-full occupancy collapses to the mid-40s and
low 50s, erasing the large lead they showed in Figure 5.7a. RFold plateaus highest, near 57%,
keeping more of the cluster doing useful work than any baseline. FirstFit, though contention-
free, is held down near 45% by the fragmentation that its rigid shapes create, and Random and
TopoMatch land at about the same level, while SFC and L1 Clustering sit modestly above them
near 52%. Across the saturated regime RFold delivers the highest effective utilization of the group,
outperforming the weakest policies by as much as 25%.

Taken together, the two panels make an argument that raw occupancy cannot. Occupancy
rewards the very contention that RFold is designed to eliminate, so it flatters the scatter policies
that spread jobs across the fabric. Effective utilization, which credits only useful work, instead
shows RFold converting more of the cluster’s raw capacity into completed jobs than every baseline.
This is the throughput-side counterpart to the JCT results of §5.4.2, since the same folding and
reconfiguration that hold job completion time low also let RFold turn more of the hardware into
finished work. All occupancy and utilization results reported here are collected under FIFO
admission, so that the differences across the curves reflect the placement policy alone rather than
the order in which jobs are admitted.

5.4.4 Failure resilience

Node failure is a particular challenge for a torus-based cluster because it disrupts both placement
and routing. In a static torus the wiring is fixed, so each node is hard-wired to the handful of
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nodes physically adjacent to it, and those wired connections are the only way traffic can flow.
When a node fails, the links attached to it become unusable as well, and the connectivity around it
is lost with it. Communication that originates from or is destined for a failed node is blackholed,
since there is no longer any endpoint to send it to or receive it from. Traffic that merely transits
the failed node is not lost but must be rerouted around the hole, lengthening paths and pushing
extra load onto the surviving links that absorb the detour. A single failure therefore perturbs a
whole neighborhood of the fabric rather than just one XPU.

The effect on placement is equally direct. A job that would previously map onto a perfect
contiguous shape can no longer do so once a failed node punches a hole in the region that shape
needs. Different resource managers react to this in different ways. Some simply reject the job,
refusing to place it until an intact region of the required shape becomes available. Others relax
the shape requirement, keeping the rest of the mapping intact and remapping only the rank that
landed on the failed node to some other surviving node, at the cost of the contiguity and the
contention-free communication that the original shape guaranteed. Either response degrades the
outcome, whether by rejecting work the cluster could otherwise run or by admitting it into a
placement that now suffers contention.

This subsection quantifies how failure affects the performance of each placement policy and
how much failure a given policy can tolerate before it can no longer place work. We repeat the
load sweep of §5.4.2 under FIFO admission and simulate failure by randomly selecting some
number of XPUs in the cluster and marking them as failed. A failed XPU advertises its failed
status, so the placement policies can no longer select it for use, exactly as a real resource manager
would exclude a dead node. We study three failure rates, 0%, 0.5%, and 1% of the 512 XPUs,
where 0% reproduces the intact-torus baseline and 1% represents a fairly extreme failure scenario
for a fabric of this size. All other parameters are held fixed. We use the same workload, the same
8x 8x 8 torus, and the same set of placement policies as in the previous subsections, with RFold
configured with a 4 x4 x4 reconfiguration block.

Figure 5.8 shows how the average JCT of each policy responds as the failure rate rises. As
the failure rate grows, more XPUs in the cluster become unusable. Each dead XPU punches a
hole in the fabric, and enough such holes leave the cluster no longer a clean, regular torus but a
shape riddled with gaps. Since placement depends on finding a contiguous region that matches a
job’s shape, these gaps block placement. Jobs that would have been placed on an intact torus can
no longer find a legal region, so the cluster admits work more slowly and its achievable stable
load drops. This shows up in the figure as the shoot-up shifting toward lower load: each policy
saturates at a lower load under a 0.5% failure rate than under 0%, and at a lower load under a 1%
failure rate than under a 0.5% failure rate. Nevertheless, RFold continues to sustain the highest
load of any policy at every failure rate, and it is also the one that degrades the least. Because a
failed node is confined to its own cube and folding can route around the damage, RFold’s knee
retreats only modestly as failures accumulate, whereas a policy like FirstFit, whose rigid shapes
leave it little slack to begin with, sees its sustainable load fall sharply. To put a single number on
this, we measure the 2 x-JCT knee, the offered load at which a policy’s average JCT first reaches
twice the ideal, linearly interpolated between samples. By this measure RFold is substantially
more failure-resilient. Its knee sits at 57% load on the intact torus and falls only to 54% at a 0.5%
failure rate and 50% at a 1% failure rate, a total loss of about 7 load points, or 12%.

The baselines give up far more. SFC starts from a lower knee of 53% and slides to 47% at

89



—e— FirstFit =x= RFold (b=2)
RFold (b=1) =& RFold (b=4)

(]
s

@)}
e

S e i ——

!
!
!
!
!
i

[\
i
»o

Mgmxxmm*“x

Average job completion time
relative to ideal
N
]

10 20 30 40 50 60 70 80 90
Load (%)

Figure 5.9: Average JCT versus offered load for FirstFit and RFold at reconfiguration cube sizes
of I1x1x1,2x2x2, and 4 x4 x4, under FIFO admission.

a 0.5% failure rate and then to 40% at a 1% failure rate, shedding 23% of its sustainable load.
FirstFit is worse off from the outset: its knee begins at only 43% and drops to 35% and then 32%
across the same rates, a loss of 25%. In other words, the very policies that already sustain the
least load are also the ones that lose the most of it to failure, while RFold both starts highest and
gives up the smallest fraction.

These numbers reinforce the point. At a 0.5% failure rate RFold’s knee moves by 3 load
points, versus 6 points for SFC and 8 points for FirstFit. The ranking is not an artifact of the exact
threshold: any knee defined between 1.5x and 4 x the ideal still identifies RFold as the policy
that degrades the least. Extending the comparison to the remaining baselines, the total knee loss
from a 0% to a 1% failure rate is about 12% for RFold, 23% for SFC and L1 Clustering, 25% for
FirstFit, and 32% for Random and TopoMatch.

5.4.5 Reconfigurability

Introducing OCSes into the torus opens a new dimension of placement flexibility, and it is one
that none of the fixed-topology policies can use. Only RFold reconfigures the fabric. FirstFit and
the scatter policies all operate on whatever wiring the torus happens to present and cannot rewire
a single link, so reconfigurability is a lever that benefits RFold alone. This subsection therefore
studies RFold in isolation and asks how the degree of reconfigurability, that is, how many OCSes
the fabric is given, shapes its performance.

We view the degree of reconfigurability quantitatively as the ratio of OCS links to static
links. For a given torus, this ratio is set by the size of the hardwired cube at which the fabric is
partitioned. In the 8 x8x 8 torus of our evaluation, the default 4 x4 x4 cube, the same granularity
the Google TPU cluster uses, leaves only the surface ports of each cube reconfigurable and yields
Jjust 8 reconfigurable cubes across the whole torus. With more OCSes, each carrying more ports,
the operator can partition the torus into smaller hardwired cubes, for example 2x2x2. Smaller
cubes mean more reconfigurable cubes and more surface links under OCS control, so RFold can
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Figure 5.10: Shape placeability as a function of the reconfiguration cube size.

wire the free nodes together in more variations and match a wider range of job shapes.

In the most extreme case, each XPU becomes its own 1x1x 1 cube and every link in the fabric
is reconfigurable. The torus then degenerates into a fully reconfigurable mesh, in which any XPU
can be wired directly to any other. This gives RFold the maximum possible placeability, since any
shape can be realized wherever free capacity exists.

This spectrum is of course bounded by hardware. The OCS port count caps how many cubes
a torus can be split into, because every reconfigurable link consumes optical ports, and a fine
partition such as 1x1x1 demands far more ports than a coarse one. For the study in this subsection
we set that constraint aside and assume an unlimited OCS port budget, so the cube can be made as
small as 1x1x1 and the full reconfigurability spectrum is reachable.

To trace out this spectrum we fix FIFO admission and replay the same trace under a sweep
of cube sizes. We compare FirstFit against RFold at cube sizes of 1 x1x1,2x2x2, and 4x4x4
(the default), increasing the cube edge in powers of two. On this 8 x8x8 torus the 4 x4 x4
cube is the largest configuration that leaves any surface left to reconfigure; a larger cube would
turn the reconfigurable torus into a static one. FirstFit, which never reconfigures, serves as the
fixed-topology reference across the sweep.

Figure 5.9 plots the resulting average JCT against offered load for each cube size. The JCT of
each curve is normalized to the ideal JCT at that load, so a value of 1x marks a placement that
adds no queueing or slowdown beyond what the workload itself demands. The 1x1x1 cube is the
fully reconfigurable mesh and already attains this ideal at every load, so the RFold (b=1) curve is
a flat horizontal line at 1 x and serves as the best-case reference for the sweep.

Against that reference the configurations separate cleanly, and the ordering follows reconfig-
urability directly. Ranked by the load each can sustain before its JCT begins to climb, FirstFit
comes lowest, then RFold at 4 x4 x4, then 2x2x2, and finally 1x1x1. As the cube shrinks the
fabric exposes more surface links to the OCSes, so RFold can wire the free nodes into more
shapes and pack more jobs into the same torus, and the cluster absorbs a higher offered load
before queueing sets in. The gains are large: with 2x2x2 cubes RFold sustains roughly 80%
offered load before its JCT departs from the ideal, well beyond the point at which FirstFit and the
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Figure 5.11: Average JCT versus offered load under three workload patterns: a uniform job-size
distribution, the default small-heavy Pareto distribution, and a mono-shape workload in which
every job requests the same 4 x 2 x 1 shape. All runs use FIFO admission.

default 4 x4 x4 cube begin to degrade.

Beyond load and failure, reconfigurability brings a further benefit: it widens the set of job
shapes the cluster can support. The trace we have used so far draws from only a subset of the
shapes whose total size is at most 512 XPUs. Those shapes are representative of what a static
8x8x 8 torus is asked to run, but they are far from the whole set that RFold can accommodate. By
tuning the reconfigurability level, RFold can in fact place almost every shape that is theoretically
expressible on this many XPUs.

Figure 5.10 measures this directly. Here we set load and admission aside and ask a purely
structural question: attempting to place a single job into an empty torus, can each candidate shape
fit at all? We enumerate every shape of the form AxBxC with A - B - C' < 512, where each of A,
B, and C'is either 1 or an even number, which yields 767 distinct shapes in total. The metric is
simply the fraction of these 767 shapes that a policy can place.

The differences are stark. FirstFit, confined to the static torus, can place only 4.6% of the
shapes. Folding alone, without any reconfiguration, raises this to 48.9%. RFold with the default
4 x4 x4 cube improves it further to 60%, and as the cube size shrinks RFold eventually places
all 767 shapes, reaching 100% placeability. The breakdown within each bar is equally telling.
Folding is what rescues the 1D shapes, while reconfigurability is what unlocks the 2D and 3D
shapes, precisely the shapes a static torus struggles to host.

Failures erode these numbers, since a torus with holes can no longer host every shape it
otherwise could. Reconfigurability blunts that damage as well. Because a failed node is confined
to its own cube and does not disturb the wiring of the others, the loss of placeable shapes stays
local to the affected cube rather than rippling across the fabric, so RFold’s shape coverage degrades
only gently as failures accumulate.

5.4.6 More workload patterns

The evaluation so far has driven the cluster with a single workload pattern, the small-heavy,
Pareto-like distribution that the public traces of §5.4.1 exhibit. In theory, clusters could face
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various workloads whose jobs differ in size and shape, and a policy that wins on one pattern
may not win on another. This subsection therefore varies the workload pattern to build a fuller
picture of how the different characteristics of a workload affect placement performance. We
compare three workloads, holding FIFO admission and the load sweep fixed throughout so that
the workload is the only variable. The Pareto workload is the default trace used everywhere else
in this chapter, in which job sizes follow a truncated Pareto distribution over 1 to 128 ranks and
each job draws its shape uniformly from the legal factorizations of its size. The uniform workload
keeps that same shape rule but draws sizes from a uniform distribution over the same range, so it
admits many more large jobs than Pareto. The mono-shape workload instead fixes every job to a
single 4 x 2 x 1 shape.

The uniform workload isolates the effect of the size distribution, since it shares the Pareto
workload’s shape rule and differs only in how much weight it places on large jobs. The mono-shape
workload isolates something different. Because sixty-four 4 x 2 x 1 jobs tile the 512-XPU torus
exactly, with no XPU left over, it packs perfectly and removes fragmentation from the comparison
altogether; any gap a policy shows here is not a packing gap but the price its placements pay in
communication efficiency, which exposes how much each policy loses to the static topology alone
and how completely RFold’s reconfiguration erases that loss. Figure 5.11 reports the resulting
average JCT for all three patterns.

Figure 5.11 shows that RFold is the only policy that consistently delays the sharp JCT blow-up
as offered load rises, and that its margin over the baselines widens as the workload grows harder
to pack. On the uniform workload, where medium and large jobs are common, RFold holds
average JCT below 2 x ideal through 54% load, whereas the best non-RFold policy crosses 2 x
just after 38%. The gap is starkest in the knee of the curve. At 50% load RFold sits at just 1.42x
ideal while every other policy has exploded beyond the plotted range. On the default small-heavy
Pareto workload the baselines fare better, because most jobs are small enough to slot into whatever
fragments the torus has left, yet RFold keeps the lead. It stays below 2 x through 56% load against
52% for the strongest baselines, SFC and L1 Clustering, and at 60% load it reaches 14.2x ideal
where the best baseline has already climbed to 63.7 x.

Why do the baselines gain so unevenly when the workload softens from uniform to Pareto?
Pareto is the easier of the two traces, since it swaps many medium and large jobs for small ones,
but that ease reaches each policy only through its own bottleneck, and the two baseline families
are bottlenecked by different quantities. FirstFit is bottlenecked by the tail. Its jobs are not slow,
because its uncontended service time is near ideal in both traces, 1.04 x under uniform and 1.02 x
under Pareto. What hurts it is placement stalls, because a large job needs one contiguous box, and
under FIFO an unplaceable large job blocks the whole queue until enough neighbors drain. That
cost is set by the largest jobs in the mix, not the average one. Pareto shrinks the mean job from
36.7 to 9.2 ranks but keeps sending jobs of up to 128 ranks, and 2.6% of arrivals exceed 64. Each
of those rare giants is as hard to place as it was under uniform, so the severity of a blocking event
does not change and only its frequency falls. The lower frequency sharply reduces the damage
past the knee, the load at which average JCT turns sharply upward, cutting queue wait from 1469s
to 375s at 50% load, but the knee itself barely moves, from roughly 44% to 46% load, because an
occasional giant is enough to destabilize a FIFO queue. One hard job in a hundred stalls the line
nearly as effectively as one in five.

The scatter policies are bottlenecked by the mean instead, and Pareto slashes the mean. SFC
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and L1 Clustering do not require contiguity, so they almost never stall on placement; their tax
is communication dilation, as a job’s ranks spread across the torus, its collectives crawl, and the
sprawl clogs links for every other job. That tax grows with job size. A scattered 8-rank job is
mildly dilated, while a scattered 96-rank job smeared across the 512-XPU torus is ruinous, and
under uniform a great deal of job size is in flight at any moment. The uncontended numbers show
it directly, as SFC runs at 1.28 x ideal under uniform but only 1.08 x under Pareto. So when the
mass of the distribution slides from 36.7 to 9.2 mean ranks, the scatter policies’ effective capacity
genuinely rises and their knee moves with it, from roughly 46% to 56% load. FirstFit and SFC
therefore sit at nearly the same knee under uniform, around 44 to 46% load, for opposite reasons,
FirstFit from tail-driven head-of-line stalls and SFC from mean-driven communication dilation,
and Pareto relieves only the second.

RFold is bottlenecked by neither, so Pareto has nothing to give it. It pays no shape penalty,
since it places almost any shape on almost any fragmented free set, and no dilation penalty,
since its service time equals the ideal in both traces. Its knee near 58 to 60% load is set by raw
capacity alone. Offered load is calibrated against total offered work at ideal service times, and
that calibration is identical in the two traces by construction, because Pareto’s jobs are smaller
but proportionally more numerous. A policy already bounded only by whether free hardware
exists cannot gain from smaller jobs when the total work arriving per second has not changed;
it already rests against the shared ceiling that the other two families are climbing toward from
below. The whole picture compresses to a single rule. Each policy’s knee is roughly the shared
capacity ceiling divided by that policy’s own inefficiency factor, which is tail-frequency-driven for
FirstFit, mean-size-driven for the scatter policies, and near one for RFold. Moving from uniform
to Pareto changes the mean sharply and the existence of the tail not at all, so the scatter policies
gain, FirstFit barely gains, and RFold has no inefficiency left to reclaim.

The mono-shape workload is the clearest case of all, because it strips away the fragmentation
that the other two patterns mix into the result. Since a 4 x 2 x 1 job tiles the torus exactly, FirstFit
packs it with no waste at all. Its queue wait is zero all the way to 74% load, so placement is not
what holds it back. What holds it back is that every job it runs is about 30% slower than the
same job under RFold. With no queueing in either system, FirstFit’s median JCT is 0.87s against
RFold’s 0.61s. The cause is the static torus. A four-node segment of an eight-node ring is an open
line rather than a closed ring, as §5.1.2 describes, so the ring collective’s wrap-around step must
travel three hops back across the fabric instead of one and the ring’s effective bandwidth falls to
match. The penalty deepens under concurrency, from 0.80s to 0.89s, as neighboring jobs’ routes
begin to share links. RFold’s reconfiguration removes it entirely. By rewiring the OCS it gives
every placed job a true closed one-hop ring, so its service time equals the ideal in every row of the
sweep.

The knee position then follows from arithmetic. Offered load p is calibrated against ideal
service times, so a policy whose jobs each run about 1.3 x longer operates at an effective utilization
near 1.3p, which reaches one at p ~ 0.75. The data land exactly there. FirstFit’s queue wait is
zero at 74% load, jumps to 46s at 76%, and from there climbs linearly in the manner of a saturated
queue drained by a finite trace, 101s, 153s, 203s, and on to 563s at full load. FirstFit does not fail
to place jobs near 78% load; it runs out of capacity, because every job it runs spends roughly a
third of the machine’s communication budget and at that offered load no slack remains to absorb
the tax. This is why its average JCT reaches 274.7x the ideal at full load. RFold pays no such
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tax. Its service time is the ideal, its effective utilization is exactly p, and it holds flat at 0.61s until
it grazes saturation near p ~ 1.0, where it rises to 1.13s in step with the ideal curve itself. The
remaining baselines tell the same story with a heavier tax, and each one’s knee falls close to the
reciprocal of its effective communication slowdown. SFC, about 1.32x slower even uncontended
and worse under contention, knees near 62% load, TopoMatch near 58%, L1 Clustering near
48%, and Random near 36%. The mono-shape sweep thus reduces the whole comparison to one
number per policy, the fraction of communication capacity its placements preserve, which is the
placement-dependent capacity that reconfiguration exists to reclaim.

Taken together, the three patterns show that RFold’s advantage does not rest on the small-heavy
size mix of the public traces. Whenever a workload’s size or shape distribution drives a static
placer to either fragment the torus or run its jobs on open, low-bandwidth rings, folding and
reconfiguration recover the lost capacity, and the harder the pattern is for a fixed topology, the
larger that recovery becomes.

5.5 Related work

Topology reconfiguration. The idea of treating the interconnect as a mutable resource has gained
traction as optical switching has matured. Google’s TPU v4 supercomputer [113] places optical
circuit switches (OCSes) between 4 x4 x4 cubes so that a large torus can be sliced into per-job
sub-tori at allocation time, and Mission Apollo [217] reports landing OCS at data center scale. The
same OCS layer is used defensively in Resiliency at Scale [254], which reconfigures around failed
cubes to keep the machine available. In the ML setting, TopoOpt [228] co-optimizes the network
topology and the parallelization strategy of a single training job on a reconfigurable optical fabric,
rewiring an optical patch panel once per job and holding that topology fixed for the job’s duration.
The HPC community has pursued the same idea on other fabrics: GRAP [58] allocates groups on
a reconfigurable Dragonfly network, and bandwidth steering with silicon nanophotonics [160]
rewires the lower layers of a hierarchical topology to recover from fragmentation. A parallel
line of hardware work pushes reconfigurability further down the stack, from the optical circuit
switch that PipSwitch [47] builds out of programmable integrated photonics to MorphLux [128],
a programmable photonic fabric that rewires the links between the accelerators inside a single
server. MorphLux shares our target setting most closely: it augments torus-based ML data centers
to raise the bandwidth of tenant allocations and to cut compute fragmentation, and it can swap
a failed accelerator for a healthy one in 1.2 seconds. RFold builds on this hardware substrate
but differs in how it uses it. TPU v4 reconfigures coarsely and roughly once per job, carving
out a fixed sub-torus at admission, and TopoOpt optimizes the fabric for one job in isolation;
RFold instead treats reconfiguration as a fine-grained, multi-job placement primitive, folding each
job’s shape and rewiring cubes so that many jobs share the fabric contention-free. MorphLux
attacks fragmentation from below, rewiring within a server so that the accelerators of an allocation
behave as though they were adjacent; RFold attacks it from above, folding the job’s shape onto the
cluster-scale torus and rewiring whole cubes. The two are complementary, since they reconfigure
at different layers of the same machine.

Direct-connect topologies. A second line of work leaves the fabric statically wired and shapes
it to the workload at design time instead. HammingMesh [98] joins board-local 2D meshes of
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accelerators with row and column packet switches, trading global bandwidth for cost while keeping
enough allocation freedom to place jobs of many shapes, and Aquila [77] builds a low-latency
cell-switched Dragonfly from a custom ToR-in-NIC ASIC. Others wire the accelerators together
more directly: UB-Mesh [138] exploits the locality of LLM traffic with a recursive nD-FullMesh
of passive electrical links, switch-less Dragonfly on wafers [59] realizes the topology through
wafer-scale integration, and Dojo [210] and Bow [78] connect their chips in a fixed mesh and torus,
respectively. LIBRA [233] is the design-time counterpart to these architectures, apportioning
bandwidth across the dimensions of a multi-dimensional training fabric to suit a target workload.
None of these fabrics can be rewired once deployed, so a job’s shape has to be accommodated by
allocation alone, which is precisely the constraint under which the static baselines of §5.4 operate.
RFold is complementary to this line of work rather than opposed to it: where these designs invest
in the wiring, RFold assumes an OCS layer and spends it on placement.

Job admission. A large body of schedulers improves job performance in multi-tenant clusters
by deciding when to start each job and how many accelerators to grant it. Optimus [179] and
Gandiva [235] elastically resize jobs to improve JCT, Tiresias [82] preempts to reduce JCT, and
Themis [149] preempts for fairness. Synergy [164], Gavel [170], Sia [208], Lyra [133], and
Muri [247] schedule heterogeneous or multi-dimensional resources but treat the interconnect
as a flat pool. General-purpose cluster managers such as Borg [212, 221], TetriSched [213],
YARN [220], Mesos [96], Kubernetes [32], Sparrow [175], and SLURM [238] pack several
resource types, e.g. CPU, memory, and disk, but assume the big-switch abstraction of a Clos
fabric, under which any set of nodes is equivalent and placement is bandwidth-oblivious. These
policies are orthogonal to RFold and complement it. They decide which jobs to admit, while
RFold decides how to lay an admitted job onto a torus. As §5.4.2 shows, RFold’s advantage
persists across FIFO, Backfill, and SWF admission, so it can sit beneath any of them.

Shape-aware placement and packing. On a torus the placement decision dominates, and it
has a long lineage in high-performance computing. Classic allocators embed a job into a static
torus or mesh to keep its communicating ranks close: FirstFit for 3D tori [41], noncontiguous
allocation [146], space-filling-curve mapping [130] (the default in SLURM via a Hilbert curve [6]),
contention-minimizing clustering [148], and process mapping with TopoMatch [108]. A broad
literature formulates placement as graph embedding [7, 53, 239, 240] or as topology-aware
heuristics [26, 28, 46, 68, 72, 97, 214, 252], generally aiming to reduce the average hop count a
message travels, a goal motivated by measurements showing that jobs sharing a torus interfere
and slow one another down [27]. Locality-aware schedulers such as that of Yang et al. [236]
then weigh the per-job benefit of a compact allocation against the utilization it costs the system.
A related thread improves cluster utilization directly, through packing, defragmentation, and
backfill [17, 134, 167, 211] and through classical bin-packing analysis [49, 52, 67]. In the ML
setting specifically, Cassini [189] and Crux [33] schedule communication to relieve network
contention on GPU clusters. All of this work assumes a fixed interconnect, which forces the
fragmentation-versus-contention trade-off at the heart of this chapter: an allocator can honor a
job’s shape and risk leaving it unplaceable, or scatter the job and pay contention, but it cannot
escape both. RFold can, because it reshapes the topology as well as the job. Its design (§5.3) can be
read as a constrained form of graph embedding, but one tuned to ML rather than to HPC. Although
ML and HPC workloads both decompose computation across nodes that exchange neighbor traffic
and global collectives [126, 191, 209], their communication differs in kind. ML jobs have
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deterministic, regular communication volumes and cuboid shapes [12, 135], whereas many HPC
codes change message sizes and communication partners at runtime [107, 110, 194, 246] and
produce unstructured allocation shapes [106, 176, 237]. RFold exploits exactly the regularity of
the ML setting that a general graph embedder cannot assume.

Workload analysis. Our workload model is grounded in public measurements of production
ML and GPU clusters. Philly [109], MLaaS [229], Helios [104], and Acme [105] consistently
report heavy-tailed job sizes and durations, in which most jobs ask for a few accelerators and
run briefly while a long tail of large ones dominates consumption, alongside low utilization,
frequent queueing, and gang-scheduled training. Other traces fill gaps: Borg 2019 [212] lacks
GPU information, ATLAS [11] is CPU-only, MIT Supercloud [132, 195] covers an academic
GPU cluster, and the ALCF study [177] reports torus-based HPC systems whose jobs choose
from pre-configured size buckets. None comes from a reconfigurable torus-based ML cluster, and
most describe Clos fabrics where placement carries no bandwidth penalty. We therefore distill
their size, shape, and load statistics into the synthetic workloads of §5.4.1 rather than replay any
trace verbatim; §5.4.6 tests how sensitive our conclusions are to them.

5.6 Conclusion

This chapter addressed job placement in torus-based ML clusters, where a job’s parallelization
strategy fixes the shape its allocation must take and a statically wired torus cannot always supply
that shape. The penalty for getting this wrong is large and, worse, invisible to the scheduler at the
moment it must decide: a job whose XPUs are scattered forwards its collective traffic through
intermediate nodes and contends with its neighbors for link bandwidth, which we measured at
up to 2.5x-3x slower than the same job placed well (§5.2). No allocator confined to a fixed
fabric can avoid paying it. Honoring a job’s shape strands idle accelerators until a matching
region happens to appear, and scattering the job over whatever is free buys placement at the price
of contention, so such an allocator can trade one cost against the other but cannot escape both.
Our contribution is RFold, which escapes both by treating the topology as a parameter of the
allocation rather than a constraint on it. RFold enumerates the legitimate shape variants of a job,
folds each onto the cluster, reconfigures the OCS layer so that the folded shape is realized on
the fabric, either as one solid block or as tiles glued together across cubes by optical circuits,
and ranks the resulting plans. On a simulated 512-XPU reconfigurable torus, RFold delivers the
lowest average job completion time at every load in the sweep and sustains the highest load before
saturating, with its knee near 58% offered load under FIFO admission against 54% for the best
shape-unaware policy and 44% for FirstFit. It also turns more of the cluster into finished work
than any baseline, plateauing near 57% effective utilization against 45% for FirstFit and 52% for
the best scatter policy.

More broadly, this chapter argues that job placement and topology cannot be designed in
isolation once the fabric can be rewired. Every fixed-topology allocator faces that choice only
because the network is taken as given: the job must bend to the fabric because the fabric cannot
bend to the job. Letting both move dissolves the trade-off rather than rebalancing it. What makes
that practical is that ML training announces its communication pattern before it starts, so the
scheduler knows the shape it must build at the moment it has to decide, and never has to guess.

97



Seen against the thesis’s arc, RFold is the redesign the thesis statement asks of job scheduling,
and the last of the three. The transport of Chapter 3 rode a fixed schedule oblivious to demand,
and the traffic engineering of Chapter 4 made a general-purpose fabric demand-aware; RFold
goes even further, exploiting a workload whose communication pattern is known before the job
starts. That foreknowledge is what lets it co-adapt the job and the topology at once, and so
escape the fragmentation-versus-contention trade-off that forces every fixed-topology allocator to
sacrifice one for the other. Reconfigurability, the same property that unsettled transport and traffic
engineering, here becomes the resource that resolves the trade-off. That is the pattern the three
redesigns share. Reconfigurability is what breaks the assumption each layer was built on, and it is
also the resource each redesign spends to recover what was lost: transport had to be told when the
fabric changed, traffic engineering had to account for what the hardware could actually install, and
scheduling had to reshape the network to fit the job. In each case a network the layer had assumed
to be fixed had quietly become a variable, and the redesign amounted to treating it as one.
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Chapter 6

Conclusion

For many years, scaling the network meant building a larger packet-switched Clos fabric from
faster switch chips, preserving the abstraction that the cluster behaved like one large, uniform,
stable switch. That abstraction was extraordinarily productive: it let transports, TE systems,
schedulers, and applications evolve while treating the network as a fixed substrate. But the forces
that now dominate data center growth have made that substrate too expensive to scale by brute
force alone: the bandwidth wall in switch silicon, the energy and cost of ever larger packet fabrics,
and the explosive communication demands of distributed ML.

RDCNs offer a different way forward. By steering light directly through optical circuits, they
deliver high bandwidth at far lower cost and energy than EPSes, and by rewiring those circuits at
runtime, they spend network capacity where demand actually exists. The price of that efficiency
is that the old abstraction breaks: the network is no longer uniformly provisioned between every
pair of endpoints, and the topology is no longer stable over the lifetime of a flow, a TE epoch, or a
job. This thesis has argued that those changes cannot be hidden entirely below the software stack.
The performance promised by optical reconfigurability is recovered only when the software above
it treats reconfiguration as a first-class design lever.

The three systems in this thesis make that argument concrete at three layers of the stack. At
the transport layer, Chapter 3 showed that a conventional congestion-control loop loses efficiency
when a connection’s path alternates between TDNs with different bandwidths and latencies.
Time-Division TCP maintains independent congestion-control state for each network condition
and uses switch notifications to learn when the active condition changes, preserving a single
connection abstraction across reconfigurations rather than rediscovering the network after each
one. At the routing and TE layer, Chapter 4 showed that replacing a Clos spine with a spine-free
reconfigurable fabric changes not only the topology but also the feasibility of implementing the
control plane’s decisions in real switch hardware. PreciseTE makes hardware realization part of
the problem rather than an afterthought: a good fractional plan must still be installed through finite
group tables and integer weights under heterogeneous hardware limits. It reduces group-table
usage while preserving the intent of the TE solution. At the scheduling layer, Chapter 5 showed
that in ML clusters, reconfigurability changes the boundary between compute placement and
network topology. RFold treats the job shape and the topology as co-adaptable objects: it explores
equivalent folded forms of a job’s communication pattern while using optical reconfiguration to
assemble a topology that can host that form without destructive contention.
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Across all three, the same pattern repeats: the packet-switched assumption fails, a conventional
layer loses performance, and the loss can be reclaimed by exposing the structure of reconfiguration
to the software that makes decisions at that layer. This pattern also reframes the limitations of
OCS, such as the lack of buffering, of per-packet forwarding, and of statistical multiplexing inside
the switch, together with non-negligible reconfiguration delay. Those limitations are not merely
obstacles to be papered over; they are design constraints that reveal where the software stack had
been silently relying on uniformity and stability. The path to efficiency is not to make the optical
fabric impersonate a packet fabric, but to let software exploit the properties that made the optical
fabric attractive in the first place.

This thesis set out to confront the data center scaling crisis: the widening gap, charted in
Chapter 1, between the bandwidth a data center demands and the bandwidth that ever faster
packet switches can affordably supply. Its answer was not a faster switch but a different kind
of network, one that reconfigures itself to place bandwidth where traffic actually flows, and its
central claim was that such a network pays off only when the software above it is redesigned
to treat reconfiguration as a first-class lever. The three systems make that claim concrete, and
together they establish that reconfigurability is not a curiosity confined to one layer but a property
the whole stack can be taught to exploit, from transport to traffic engineering to job placement.

Has the crisis, then, been solved? Not in the sense of being closed, for the demand it springs
from keeps climbing and no single thesis could outrun it. What this thesis does settle is narrower
and, we believe, more durable: reconfigurable optics are a workable substrate for real data centers,
and the performance one might fear to lose in adopting them can be reclaimed in software. That
result, though, is established under a particular hardware regime. Every design here works within
the twin limits of today’s OCS, slow switching and small radix, and leans on one of the two
standard responses to them: placing the OCS above the ToR so that each optical port carries
an aggregate rather than a single server, as in Chapters 4 and 5, or manufacturing all-to-all
connectivity in time by cycling a rotor through a fixed schedule, as in Chapter 3. Both keep the
optical layer slow and logically single-hop, and both were chosen precisely because the hardware
permits nothing more.

That is also where the thesis stops and its remaining gap begins. The same two limits that
shaped these designs also bound them: a fabric that rewires only every few minutes can chase
only traffic that holds still that long, and a fabric confined to a single optical hop can serve only a
slice of the data center’s traffic while packet switches carry the rest. Relaxing those limits, driving
reconfiguration three to six orders of magnitude faster and composing many switches into a fabric
larger than any one of them, would open uses that slow, single-hop optics cannot reach. The
remainder of this chapter looks into that gap. It turns from the slow reconfiguration the thesis has
studied to fast reconfiguration at the nanosecond-to-microsecond scale, first asking what new use
cases such speed would unlock (Section 6.1) and then examining the obstacles that stand in the
way (Section 6.2): that faster reconfiguration is an end-to-end problem spanning hardware and
software, and that an all-optical data center demands hierarchical, multi-hop optical switches with
no buffers to hide imprecise timing.
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6.1 New use cases enabled by faster reconfiguration

Each order of magnitude shaved off the reconfiguration time changes the granularity of traffic that
an OCS fabric can profitably chase. A millisecond fabric can only track traffic that is stable over
many milliseconds, such as an aggregated traffic matrix or a job-length communication pattern. A
microsecond or nanosecond fabric can track traffic that shifts far more quickly, and that capability
opens up use cases that slow reconfiguration cannot reach. We sketch four, each of which benefits
from driving reconfiguration into the microsecond-to-nanosecond regime: adapting the topology
to the collective a job is running at each instant, healing a job around a failed accelerator with
minimal stall, making bandwidth fluid between a machine’s scale-up and scale-out domains, and,
most ambitiously, carrying every flow of a data center across an all-optical fabric built from tiers
of OCSes.

6.1.1 Adapting the topology to collective communication

Dense-model training communicates in deterministic, structured patterns: gradients are combined
with a ring- or tree-based all-reduce whose participants and message sizes are fixed before the job
begins, and it is this regularity that lets a scheduler choose one good topology and hold it for the
job’s entire lifetime, as Chapter 5 does. Mixture-of-Experts (MoE) models [57] introduce a far
less predictable pattern alongside it.

An MoE layer replaces a single feed-forward block with many parallel experts and a gating
network that, for each token, selects a small subset of the experts to activate. Because the experts
are sharded across GPUs, a token emitted by one layer may need to reach an expert that resides
on any other GPU in the job, and this routing is data-dependent, recomputed every batch from the
gating network’s output. The result is a dynamic all-to-all: a dispatch step scatters each token to
its chosen experts and a combine step gathers the results back, and which GPU pairs exchange
data, and how much, shifts from batch to batch and from layer to layer instead of being fixed in
advance.

No single static topology can serve such a job well, because there is no one wiring that
matches an all-to-all whose busy pairs are constantly moving; what the job wants instead is direct,
high-bandwidth connectivity between any two GPUs on demand. Supplying that as a static full
mesh is infeasible for the port-count reason that recurs throughout this chapter, since a single
OCS cannot give every GPU a direct port to every other. The way out is the second of the two
responses from the start of this chapter, building the mesh in time rather than in space: a fast OCS
can cycle through a precomputed schedule of matchings [152] quickly enough that every GPU
pair is directly connected in turn, manufacturing a time-division full mesh that carries the all-to-all.
MixNet [139] already reconfigures an optical-electrical fabric at runtime to serve MoE’s shifting
communication; driving the reconfiguration faster would let such a schedule track the traffic at the
granularity of a single dispatch or combine, close to the pace at which the expert-communication
pattern actually changes.

The benefit of faster reconfiguration is not confined to the irregular all-to-all of MoE. Even the
deterministic collectives of ordinary training gain from it, because a single training step is not one
communication pattern but a sequence of them: a job may perform an all-gather, a reduce-scatter,
and an all-reduce in succession, and each of these has its own ideal topology. The scheduler of
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Chapter 5 must commit a single topology for a job’s entire lifetime, a compromise across every
collective that job will ever run.

Faster reconfiguration replaces that compromise with in-workload reconfiguration that adapts
the real-time topology to the collective running at each instant. Because the communication
pattern of a deterministic collective is fixed and known in advance, the fabric can be rewired
to match it exactly as the step unfolds, devoting all of the available optical bandwidth to the
subset of GPUs that are actually exchanging data in the current phase and so accelerating it, then
reconfiguring for the next. Rather than adapting the topology to a job once, as in Chapter 5, the
fabric adapts it continuously, collective by collective, as the job runs.

This sets a concrete speed requirement. The compute and communication phases of an ML
training step alternate on the microsecond-to-millisecond timescale, so to have the right topology
ready for an upcoming collective the fabric must reconfigure within that same window. Faster yet
is better, because a reconfiguration blackout can be hidden underneath the preceding compute
phase: a fabric quick enough to finish rewiring before the computation ends adds no delay to
the collective at all, overlapping the cost of reconfiguration with useful work rather than stalling
communication to pay it.

6.1.2 Pooling spare accelerators across scale-up domains

Faster reconfiguration helps a training job not only when its communication pattern shifts but
when its hardware breaks. The rack-scale accelerator has turned the scale-up domain into a unit
of manufacture. NVIDIA’s GB200 NVL72 [174] fuses 72 GPUs into a single NVLink domain
over a copper backplane, wiring every GPU to every other through the rack’s NVLink switches so
that the 72 behave as one large accelerator. That fusion is fixed when the rack is built: both the
size of the domain and the identity of the GPUs in it are set by how the rack is cabled, and neither
can change once the rack is on the floor.

A frozen scale-up domain is brittle in exactly the way a large training job cannot afford. The
GPUs of a domain are gang-scheduled and run in tight lockstep, so the loss of any one of them
degrades or stalls the whole domain: NVLink can route around a dead GPU, but only at reduced
bandwidth, and a job that needs the full domain must instead fail the entire rack over to a spare or
roll back to a checkpoint. At fleet scale these losses are not rare events but a steady background
rate. Meta’s Llama 3 pre-training run on 16,384 H100 GPUs recorded an unexpected interruption
roughly every three hours across 54 days, with GPU and HBM failures together accounting for
nearly half of them [50]. Because a scale-up domain can neither shrink nor grow, operators buy
availability by over-provisioning whole units, holding spare compute trays and even spare racks
in reserve. But a spare pinned inside one rack cannot cover a failure in another, so every domain
must independently carry enough reserve for its own worst case, and the fleet ends up holding far
more idle silicon than its aggregate failure rate would require.

Reconfiguration dissolves that pinning. If the scale-up ports of many racks are brought out to
a shared OCS rather than hard-cabled within each rack, the membership of a domain becomes
something the network sets rather than something the rack fixes, and a single pool of spare GPUs
sitting on the OCS can serve them all. When a GPU fails, the OCS splices a spare from the pool
into the degraded domain, restoring its full shape without failing the whole rack over and without
every rack hoarding its own reserve. The saving is the same statistical-multiplexing argument that
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runs through this thesis: because failures in different racks are largely independent, one shared
pool sized to the aggregate failure rate protects the entire fleet at a fraction of the spare count
that per-rack provisioning demands, just as placing an OCS above the aggregate in Chapter 4 lets
many blocks share capacity that each would otherwise strand.

This is not hypothetical. Google’s TPU supercomputers already use OCS to reconfigure their
scale-up fabric around failures, composing a working machine out of healthy building blocks and
leaving faulty ones aside, and it is this reconfigurability, as much as the switching speed itself,
that lets a TPU pod sustain high availability and share spare capacity across the fabric rather than
pinning it to each machine [112, 255]. Establishing the pool at all asks little of the fast regime,
since failures themselves arrive only every few hours, and a slow, millisescond MEMS OCS is
quick enough to serve it. But the speed of the reconfiguration governs how much each failure
costs the job that hits it. A gang-scheduled domain cannot make progress while one of its GPUs
is missing, so from the instant a GPU fails the whole job is blocked until the OCS has spliced in a
spare, the new link has re-locked, and the failed GPU’s state has been reloaded. Every part of
that recovery goes faster as the fabric does, so driving reconfiguration from milliseconds toward
microseconds directly shrinks the stall, turning each failure from a long pause into a brief hiccup.
The benefit compounds with the failure rate: the more often a large job is interrupted, the more of
its total runtime rides on how quickly the network can heal. Fast reconfiguration is thus not what
makes pooling possible, but what makes it cheap.

6.1.3 Unified scale-up and scale-out bandwidth

The same reconfigurability that reshapes which accelerators a job runs on can also reshape how
much bandwidth reaches each of them. The bottleneck in Al infrastructure has shifted from
compute to I/O. Adding raw compute is comparatively easy, but keeping that compute busy by
feeding it data is hard, and the limiter is off-chip bandwidth. The difficulty is fundamental: an
accelerator’s compute throughput scales with the area of its silicon, whereas the bandwidth it
can escape off-chip scales only with the die’s perimeter, because the high-speed 1/0 lives on the
chip’s edge, or “shoreline.” Doubling a die’s linear dimension roughly quadruples its compute but
only doubles its I/0, so each larger and faster generation of accelerator carries proportionally less
bandwidth per unit of compute, and data movement rather than arithmetic increasingly governs
end-to-end performance.

Today’s Al systems make this scarce I/O even harder to use by partitioning it into two separate
domains. A tightly coupled scale-up domain, such as NVLink within a node or rack, connects a
small group of accelerators at very high bandwidth, while a scale-out domain of PCle to a NIC
and then Ethernet or InfiniBand connects nodes across the data center at far lower bandwidth.
Because the scale-up domain carries the most bandwidth-hungry traffic, the great majority of an
accelerator’s I/0 is wired to it: an NVIDIA H100 [173] pairs 900 GB/s (7.2 Tb/s) of NVLink
scale-up bandwidth with a 400 Gb/s network port, and a GB200 [174] pairs 1.8 TB/s (14.4 Tb/s)
of NVLink with an 800 Gb/s port, an 18-to-1 split in each case.

This fixed split imposes two costs. First, the moment a GPU must exchange data with a GPU
in another node it falls off a bandwidth cliff, throttled from the scale-up rate down to the far
smaller scale-out rate, so applications are forced to be aware of the boundary and to map their
parallelism so that the heaviest communication stays inside a scale-up domain, a persistent source
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of complexity in distributed-training software. Second, the ratio between the two domains is
frozen when the machine is built, so it cannot follow a workload whose demand shifts between
them by phase: tensor- and expert-parallel communication stresses the scale-up domain while
data-parallel all-reduce stresses the scale-out domain, and whichever domain a phase does not use
sits idle while the other saturates.

Fast reconfiguration offers a way to dissolve the boundary. If an accelerator’s I/0, or with
co-packaged optics [162, 222] its optical ports, is connected to an OCS inside the server or rack,
the division between scale-up and scale-out need no longer be hard-wired. The OCS can steer
most of the ports toward nearby accelerators during a scale-up-heavy phase and then re-steer
them toward the rack’s uplinks when the workload turns scale-out-heavy, making bandwidth fluid
between the two domains rather than statically partitioned. To the application the two networks
then begin to behave as one unified pool [70, 120, 201], which both recovers the capacity that a
fixed split strands and removes the boundary that training software must otherwise work around.
The reconfiguration must be fast because the phases it chases turn over within a single training
step, the regime that slow MEMS switching cannot reach.

The idea generalizes beyond Al accelerators. Any machine that today hard-partitions its
internal bandwidth can gain from making that partition reconfigurable. A general-purpose server
could attach its processors, memory, and storage to a central OCS and allocate bandwidth among
them on demand, giving a memory-bound phase more processor-to-memory bandwidth and
a communication-bound phase more processor-to-processor bandwidth, approaching resource
disaggregation within a single machine and keeping a fixed I/O budget fully utilized.

6.1.4 Scaling an all-optical data center

Every use case so far has kept a packet fabric underneath the optical layer, using the OCS for one
slice of the traffic while conventional switches carry the rest: the aggregated matrix in Chapter 4,
the rotor mesh in Chapter 3, the scale-up domain in the sections above. The most ambitious use of
faster reconfiguration is to remove that underlay entirely and carry every class of traffic optically,
an all-optical data center in which OCSes, and not packet switches, form the whole network. The
prize is that the fabric would inherit the properties that make optics attractive in the first place: an
energy per bit far below that of a packet switch [120], and transparency to line rate, so that the
same switch carries each faster generation of transceiver without itself being replaced.

The obstacle is radix. A single OCS reaches only hundreds to about a thousand ports, far
short of the hundreds of thousands of endpoints in a data center, the same port-count limit that
has recurred throughout this chapter. The way past it is the one packet networks already use to
build large fabrics from finite-radix switches: compose many OCSes into a network of OCSes.
Arranged into tiers, switches of radix R reach on the order of R* endpoints at k tiers, so two or
three tiers of thousand-port OCSes already span a data center, at the cost of an end-to-end path
that now traverses several optical hops in succession.

Two familiar topologies carry over directly. A fat-tree, or folded-Clos, arrangement stacks
tiers of OCSes so that any endpoint reaches any other through a fixed number of optical hops at
full bisection bandwidth, mirroring the packet Clos fabrics that data centers are built from today.
A dragonfly instead exploits locality to spend fewer long links: endpoints are gathered into groups,
a regional OCS wires each group densely so that most traffic stays local and cheap, and a thinner
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Table 6.1: The end-to-end latency of a reconfiguration is a sum of four terms spanning hardware
and software. Reducing only the OCS device (the first row) leaves the total dominated by the
remaining terms. The magnitudes are representative orders of magnitude, not measurements.

Component Today (MEMS) Fast-regime target Chief dependency

OCS hardware switching ms ns—ys switching technology (Table 2.1)

Transceiver re-locking us ns burst-mode receivers, shared clock

Control-plane decision & ms sub-us decentralized or precomputed

install schedules

End-host reaction us ns kernel bypass, NIC offload, edge
buffering

global OCS tier connects the groups to one another, so that only the minority of traffic that leaves
its group pays for a global hop. Either way the reconfigurability compounds across tiers, giving a
fabric that can rearrange not merely which endpoints a single switch connects but which regions
of the data center are drawn close together.

Such a fabric leans harder on fast reconfiguration than anything else in this chapter. Where
the thesis’s single-hop designs let a slow OCS track only stable, aggregated traffic, an all-optical
fabric must carry every flow in the data center, including the bursty, fast-shifting traffic that a
packet network absorbs today, so it must rewire at the pace that traffic moves. And because a
path now crosses several OCSes, those hops must be reconfigured quickly and in concert for a
continuous light path to exist at the instant a burst needs it. That coordination, together with the
tight synchronization a bufferless multi-hop fabric demands, is what stands between this vision
and a working system, and Section 6.2.2 takes it up as the second of the two challenges this
chapter closes on.

6.2 Challenges that must be addressed

The use cases above all presume something the field has not yet delivered: reconfiguration that
is fast from end to end, and optical fabrics that stay all-optical across an entire data center. Two
challenges stand between today’s slow, single-hop RDCNs and that future, and they are the natural
continuation of the co-design theme this thesis has pursued.

6.2.1 Faster reconfiguration is an end-to-end problem

The reconfiguration time usually quoted for an OCS is only the switching element’s own settling
time, but the latency that actually matters to an application is the interval from the decision to
rewire to the moment traffic flows on the new topology. That interval is a sum of four terms that
span both hardware and software, shown in Table 6.1, and progress on any one of them alone is
wasted unless the others keep pace.
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OCS hardware switching. The first term is the physical time for the switching element to settle
into its new state: a MEMS mirror to tilt, a Mach-Zehnder interferometer to switch, or a laser to
retune to a new wavelength. This is the millisecond figure for the MEMS switches in production
today and the nanosecond-to-microsecond figure that silicon-photonic and metasurface devices
target (Table 2.1), and it is the term that most optical-switching research works to reduce.

Transceiver re-locking. The second term is easy to overlook and can dominate the first. When
connectivity changes, the receiver at the far end of a new circuit sees a signal from a different
transmitter, with a different phase and a slightly different frequency, and its clock-and-data-
recovery and adaptive-equalization circuitry must re-lock before a single bit can be decoded. At
the high-order modulation used at modern line rates this retraining can itself take microseconds,
imposing a guard time [18] on every reconfiguration during which the circuit is physically up
but carries no usable data. Shrinking it requires physical-layer techniques such as burst-mode
receivers that lock within a few symbols and a shared frequency reference that receivers need not
re-acquire.

Control-plane software. The third term is the time for the control plane to collect the current
demand, compute a new topology or matching, and disseminate it to the switches. A single round
trip to a centralized controller in a large data center is already on the order of microseconds, so
demand-aware centralized control cannot close this loop at fast cadence. This is why the fastest
research fabrics are demand-oblivious [18, 152, 155], cycling through precomputed schedules
rather than reacting to live demand; recovering demand-awareness at these speeds, through
decentralized schedulers or matching engines embedded in the switches, is an open problem. It
also inherits the forwarding-table constraint of Chapter 4: even when a good plan is computed,
installing it takes time, so a fast fabric must select among preinstalled routes rather than rewrite
tables on every reconfiguration.

End-host software stack. The fourth term is the time for the end host to notice the change and
redirect its traffic onto the new circuit. The kernel network stack and interrupt path operate in the
regime of “killer microseconds” [22], too coarse to react on a per-microsecond basis. Closing
the gap requires pushing the reconfiguration-aware logic out of the general-purpose kernel and
into hardware or specialized software: kernel-bypass data paths, NIC offload of the circuit-aware
decision, and per-destination queues at the network edge [141, 201] that stand ready to burst the
instant a circuit opens. It also requires transport that is proactive rather than reactive [90, 166],
pacing transmissions against the known circuit schedule instead of probing for a path that may
vanish before the probe returns, extending the reconfiguration-aware transport of Chapter 3 toward
circuit lifetimes shorter than a round trip.

The crucial point is that these four terms compose additively (with overlap), so the end-to-end
reconfiguration latency is governed by the slowest of them. Driving the OCS device from
milliseconds to nanoseconds buys nothing if transceiver locking, control software, and the host
stack remain at microseconds or milliseconds. Fast reconfiguration is therefore not a device
milestone but a co-design problem that binds all four subsystems at once, and at a granularity
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three orders of magnitude finer than the one this thesis targeted. Each of the thesis’s contributions
attacked one of these terms in the slow regime, transport at the host in Chapter 3, control and TE
software in Chapter 4, and scheduling in Chapter 5; the work that remains is to attack all four
together in the fast regime.

6.2.2 An all-optical data center needs hierarchical, multi-hop switching

The second challenge follows from the port-count limit that recurs throughout this chapter. A
single OCS cannot directly connect an entire data center, and the two responses this thesis relies
on, aggregating the OCS above the ToR and time-division multiplexing a flat set of rotor switches,
both keep the optical layer logically single-hop. The all-optical data center of Section 6.1.4 escapes
this limit only by going hierarchical, composing OCSes into the tiers of a Clos or dragonfly so
that an end-to-end path traverses several optical hops in succession. Multi-hop OCS raises two
problems that single-hop designs are able to avoid.

Coordinated multi-hop reconfiguration. The OCSes along a path must be reconfigured in
a coordinated way, so that a continuous end-to-end light path exists at the instant a burst needs
to traverse it. It is not enough for each switch to be fast; the schedules of every tier must be
aligned, so that the second hop of a path is established in time to receive what the first hop
delivers. Computing and coordinating these interlocking schedules across a large multi-tier fabric,
and doing so within the tight time budget of fast reconfiguration, is a control problem with no
counterpart in the single-hop fabrics studied in this thesis.

Bufferless hops demand precise synchronization. The sharper problem is that an OCS is
bufferless. A packet switch stores a packet at every hop and forwards it once the next link is
free, absorbing small timing mismatches in its queues. An optical fabric has nowhere to hold
data between hops. If a burst arrives at an intermediate OCS whose onward circuit is not yet
established, or arrives during that switch’s reconfiguration guard time, it is not queued but simply
lost. Multi-hop optical switching therefore requires that every hop along a path be time-aligned to
within the reconfiguration guard window, and the tolerance tightens as hops are added and as the
switching granularity shrinks toward nanoseconds. This makes fabric-wide clock synchronization
a load-bearing requirement rather than a background convenience. Every OCS and every host must
share a common notion of time precise enough that a burst launched from its source arrives at each
successive hop exactly during that hop’s circuit window, which at nanosecond switching across
several tiers can mean sub-nanosecond synchronization maintained across the whole data center.
Datacenter time synchronization has advanced quickly, with network-assisted schemes such as
DTP [131] and fault-tolerant designs such as Sundial [137] reaching sub-microsecond bounds at
scale, and the physical-layer frequency synchronization that fast optical links already need can
be made to serve double duty here. But synchronization tight enough to gate multi-hop optical
transmission, maintained fabric-wide and robust to failures, remains unsolved. Compounding
it, each optical hop attenuates the signal, so a multi-hop all-optical path must also budget for
insertion loss and amplification along the way [120, 178], and failure recovery must proceed
without the buffers that mask transient loss in a packet fabric. Hierarchical, synchronized, multi-

107



hop optical switching is thus the crux on which an all-optical data center turns, and it remains
largely unexplored.

6.3 Concluding remarks

Both of these directions, the new use cases and the challenges they raise, extend the argument of
this thesis rather than departing from it. Where the preceding chapters reclaimed the performance
a slow, limited-radix RDCN loses when its broken assumptions of bandwidth uniformity and
connectivity stability meet software that was never written for them, faster reconfiguration widens
the same opening. It would let the fabric chase traffic it cannot follow today, from the dynamic
all-to-all of MoE training and per-collective topology steering, to a unified pool of scale-up and
scale-out bandwidth, to a shared optical fabric that pools spare accelerators across racks and
splices them in to heal a job around the failures that punctuate large training runs, and ultimately
to an all-optical data center built entirely from tiers of OCSes. Reaching that frontier asks the
same thing the thesis has asked throughout, only under tighter timing: that reconfiguration speed
be treated as an end-to-end property of hardware and software together, not a property of the
switch alone, and that we learn to build and synchronize the hierarchical, bufferless, multi-hop
optical fabrics such a data center would demand.

The conclusion of this thesis is therefore simple: the DCN is no longer a passive substrate. As
the cost of uniform packet-switched capacity rises and the demand for communication continues to
grow, the network must become more dynamic, more workload-aware, and more tightly coupled to
the software that uses it. OCS provides the physical mechanism for that shift, but the mechanism
alone is insufficient. To reshape DCNs with reconfigurability, whether at today’s millisecond
timescales or the microsecond and nanosecond timescales to come, we must also reshape the
transport protocols, TE systems, and schedulers that decide how that reconfigurability is used.
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