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Reconfigurable networks that use optical circuit switches are slowly paving their way

into datacenters due to their ability to offer high bandwidth at low cost and power. However, the

majority of these reconfigurable networks are aimed at conventional datacenter clusters where

the traffic patterns are unpredictable. While dynamically reconfigurable network topologies

have shown promise for general datacenter workloads, in this work, I investigate the extent

to which they may benefit machine learning (ML) collectives. Several algorithms have been

proposed to implement collectives on static networks (of different topologies), but less well

studied has been the interaction between these algorithms and reconfigurable network fabrics.

Therefore, I seek to quantify the potential benefit that a reconfigurable network layer can bring to

xv



the large-scale collectives that underpin large DNN training. Following this, I study the extent of

fragmentation in ML torus clusters. In multi-tenant environments, resource allocations in torus

clusters often lead to fragmentation, reducing system utilization and increasing queue times. My

work demonstrates how enhancing the flexibility of a torus network through reconfiguration can

significantly mitigate this fragmentation.
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Introduction

Datacenter networks have been fundamental to the advancement of modern computing,

forming the backbone of today’s digital infrastructure. Most datacenters rely on Clos-based

topologies [4, 58] built using electrical packet switches for their datacenter networks (DCNs).

Clos topologies have become the de facto standard due to their ability to scale efficiently using

commodity switching hardware. However, as network scale continues to grow, containing

power consumption and infrastructure cost has become increasingly challenging. To address

these constraints, datacenter operators often employ oversubscription. While oversubscription

improves cost efficiency, it comes at the expense of increased resource fragmentation, higher tail

latencies, and reduced effective bandwidth.

These challenges are expected to intensify in the future for two primary reasons. First,

the explosive growth of deep neural network (DNN) workloads has fueled massive investment

in hardware accelerators such as GPUs and TPUs, while simultaneously increasing demands

for higher bandwidth and ultra-low network latency. Second, the slowdown of Moore’s law

is making it increasingly difficult to improve the power efficiency and cost-effectiveness of

electrical packet-switched networks [7, 44].

This motivates the need for alternative technologies. Reconfigurable interconnects are

one such option. Technologies such as optical circuit switches (OCSes) and free-space optics

(FSO) can provide very high bandwidths at low cost and power making it suitable to overcome

the limitations of electrical packet switches. However, despite this enticing property, OCSes

have been slow in making their way into data centers mainly due to 1) Slow switching speed

(Commercially available OCSes have millisecond scale swithing times [52, 66]) 2) OCSes are
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not a drop-in replacement for packet switches since they need assistance from the entire network

requiring many components to work in concert. These reasons have hindered the wide-scale

adoption of OCSes in datacenters. However, despite these limitations, there are many efforts

in the research community as well as in the industry to overcome these shortcomings and use

OCSes in a novel way to build next-generation DCNs.

Today, the explosive growth of machine learning (ML) workloads, particularly deep

neural network (DNN) training, presents new opportunities for reconfigurable networks. The

traffic patterns generated by these workloads are often predictable and can be computed in

advance, making circuit switches especially well-suited for handling such communication

demands.

At the same time, it is worth reconsidering whether Clos topologies, which have tradition-

ally been effective for general-purpose datacenter clusters, remain the best fit for today’s rapidly

evolving ML workloads. Large-scale distributed DNN training jobs often generate substantial

communication overhead, limiting the number of servers that can efficiently operate within a

single rack. As communication extends across multiple switches and racks, as in multi-tier Clos

topologies, the potential for network bottlenecks increases significantly.

Although Clos topologies provide strong performance for diverse and unpredictable

datacenter traffic, their traffic-oblivious design is less well-suited for the highly structured,

predictable, and communication-intensive patterns characteristic of distributed DNN training.

Consequently, many major cloud providers have adopted Torus topologies for large-scale ML

training workloads, since the communication structure of these applications naturally maps onto

torus networks. Furthermore, resource allocation in multi-tenant Torus environments can produce

topology slices of varying sizes, with training workloads on these slices frequently exhibiting

1D, 2D, or 3D logical communication patterns. Therefore, it is necessary to first understand the

performance of state-of-the-art collective communication algorithms across different sizes of

static Torus topology slices. Building on this understanding, we can then investigate whether

reconfigurable networks provide opportunities to improve performance in ways that existing
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algorithms and static topologies cannot fully exploit.

Another important challenge in large multi-tenant datacenter clusters is system fragmen-

tation. Given the high cost of neural processing units (NPUs), understanding and mitigating

fragmentation is critical for improving overall cluster utilization and efficiency. This also creates

an opportunity to explore whether increasing the flexibility of Torus networks through reconfig-

urable networking can reduce fragmentation and enable more efficient resource allocation.

The flexibility provided by reconfiguration can be extended even further by giving tenants

direct control over how their allocated topology slices are reconfigured to optimize individual job

performance. For example, dynamically changing the shape of an allocated slice or redirecting

otherwise unused links toward dominant communication directions can create opportunities that

are not possible in static Torus slices. In this dissertation, we examine each of these aspects in

detail.

As datacenter traffic continues to grow alongside the explosive rise of AI workloads and

their communication-intensive nature, the limitations imposed by the slowdown of Moore’s law

are becoming increasingly apparent. In this context, reconfigurable networks are evolving from

an optional optimization into a practical necessity for next-generation ML datacenter networks.
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Chapter 1

Background

This chapter begins with an introduction to reconfigurable networks and their underlying

design principles. We then explore how DNN models operate and how collective patterns

naturally emerge from different parallelization strategies. Building on this, we examine various

collective communication patterns and highlight the key challenges faced by current ML hardware

fabrics. Finally, we discuss state-of-the-art solutions that address these challenges, providing a

roadmap of the current landscape in efficient collective communication.

1.1 Reconfigurable Networks

Reconfigurable networks enable communication links between nodes to be dynamically

rearranged over time. A variety of circuit-switching technologies can be used to implement such

systems, including MEMS-based optical circuit switches [75], arrayed waveguide grating routers

(AWGRs) with tunable lasers [70], and free-space optics (FSO) [39].

Unlike packet-switched networks, circuit-switched systems require the establishment

of an end-to-end circuit between a source and destination before data transmission can begin.

While this enables high-throughput, contention-free communication during a configured state, it

introduces an important overhead: reconfiguration time. This is the time required to change the

network connectivity pattern and is commonly referred to as the switching time or reconfiguration

delay of the circuit switch.
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Figure 1.1. Example Connection Matrices Implemented by a Circuit Switch

Assume that we have a simple reconfigurable network consisting of four nodes a, b, c and

d. Figure 1.1 shows example connection matrices implemented using circuit switching across

two time slots. In time slot 1, node a is connected to b, b is connected to c, and so on. In the

subsequent time slot, the network is reconfigured such that a is connected to c, b to d, and so

forth, demonstrating the ability of the system to adapt its connectivity over time.

1.2 Reconfigurable Network Designs

Reconfigurable networks are typically designed following one of two paradigms: demand-

aware or demand-oblivious. Reconfigurable networks that uses demand-aware approach takes

the traffic demand into account when setting up OCS circuits and demand-oblivious approach
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operates independently of the demand. Slow-switching networks are suitable for demand-

ware networks as they give time for demand collection and topology calculation. Fast-switching

networks are candidates for demand-oblivious networks as they need not collect demand matrices

or do any topology calculations.

1.2.1 Demand-Aware Networks

The strategy of demand-aware networks’ is to set up OCS circuits based on the traffic

demand. To realize this design, the following mandatory steps need to be in place.

• Gather traffic statistics

• Estimate traffic demand

• Calculate optimal topology

• Reconfigure circuits

Algorithms and the strategies used for each of these steps vary based on the placement of

the OCSes and the goal of the reconfigurable network design. For example, both Helios [24]

and Jupiter [50] use OCSes to connect pod-level switches but aim to achieve different goals.

Helios provides low power, low cost, and low complex datacenter architecture and has the same

performance as a fully-provisioned packet-switched network. However, it needs a separate

electrical packet switching network to fulfill the pod-level bursty traffic demands. Jupiter on the

other hand wants to solve a real-world problem that Google datacenters face with incremental

evolution of their network fabrics. Two-thirds of their fabrics contain at least two generations of

network infrastructure and the spine layer has become the bottleneck when higher link speed

blocks are added to the fabric. Therefore, to solve the link speed derating issue they got rid of

the spine layer switches in their Clos fabrics and replaced them with OCSes. They didn’t need

a separate packet-switched network due to the relatively predictable traffic demands in their

fabrics. This removed the need for them to support worst-case permutation traffic. For both these
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designs high switching reconfiguration time of OCSes was not a problem. For Helios [24], this

is due to the stability of the pod-level aggregated traffic demand and similarly Jupiter found that

reconfiguring block-level topology more frequently does not yield any benefits [50].

As faster switching OCSes are becoming available, it is worth exploring whether the

demand-aware approach is still feasible. Mordia’s [49] aim was just that. Mordia interconnects

top-of-rack (ToR) switches instead of pod-level switches and proposed a microsecond latency

OCS control plane. However, their design still needs a separate packet switch for small flows that

are latency-sensitive. Another limitation of Mordia was that its fan-out was limited to only 24

ToRs. ProjecToR [15] on the other hand makes use of FSO to propose a high fan-out interconnect

based on just a single technology. They argue that maintaining a parallel EPS network leads to

inefficiency and higher cost and hence proposed a two-topology approach that makes use of just

one technology.

All these proposals we have looked into so far are based on rack-based topology meaning

servers are organized into racks and the network core (either OCS or EPS-based network core)

connects racks. RDC [71] deviates from this approach by logically grouping servers by placing

OCSes in between servers and ToRs. In their design servers are not bound to a particular ToR

but can move logically across ToRs. Their motivation for doing this is to efficiently handle the

cross-rack traffic as more and more traffic is escaping rack boundaries.

1.2.2 Demand-Oblivious Networks

Demand-oblivious networks follow a static schedule regardless of the traffic demand

making way for a decentralized control plane. RotorNet [43], Opera [41], and Sirius [6] are

three such designs. All these three designs rotate through a fixed set of configurations over

time eliminating the need for network-wide demand collection and making the overall design

less complex. However, time synchronization and routing is an important part of oblivious

networks. Time synchronization is necessary since switches follow a pre-determined static

schedule and nodes (servers or ToRs) need to be aware of the switch state to decide when to
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transmit which traffic. Routing is important to handle arbitrary traffic matrices including skewed

traffic. Demand-oblivious networks use some form of Valiant Load Balancing (VLB) [67]

routing scheme for that. VLB does not need centralized coordination and can split the traffic

uniformly across all network paths.

The reconfigurable network designs discussed above are primarily tailored for traditional

datacenter clusters, where workload traffic is often unpredictable. However, modern workloads

are increasingly dominated by DNNs, which exhibit structured and predictable communication

patterns. Unlike conventional applications, these workloads follow regular communication

structures that can be exploited for more efficient network design.

1.3 Collective Communication

We begin this section by presenting an overview of Deep Neural Networks (DNNs) to

establish the basis for understanding when and how communication patterns emerge during

training. A DNN is composed of a sequence of layers, each consisting of interconnected nodes

known as neurons. Each neuron is associated with learnable parameters, namely weights and

biases, which collectively define the behavior of the model.

Training a DNN involves iteratively performing forward and backward passes over the

network. This process is repeated for multiple iterations until the model converges to the desired

level of accuracy. To accelerate training, it is common practice to distribute both data and

model computation across multiple Neural Processing Units (NPUs). The primary parallelization

strategies used today are outlined below:

• Data Parallelism: In data parallelism, each NPU maintains a complete replica of the model

while the training dataset is partitioned across devices. Each NPU independently performs

forward and backward passes on its assigned data subset, producing local gradients. These

gradients are then aggregated across all NPUs, synchronized, and redistributed so that

each device can update its model parameters before the next training iteration begins.
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• Pipeline Parallelism: Pipeline parallelism partitions the model vertically at layer bound-

aries, assigning consecutive layers to different NPUs. During training, intermediate

activations are passed between devices in the forward pass, while gradients flow in the

reverse direction during backpropagation.

• Operator Parallelism: Operator parallelism divides individual tensor operations horizon-

tally across NPUs, enabling each device to compute a portion of the operation concurrently.

• Hybrid Parallelism: Hybrid parallelism combines multiple of the above strategies to

better balance computation and communication across devices.

References for the above parallelization strategies: [25, 56, 55]

The parallelization strategies described above give rise to a variety of collective com-

munication patterns. These patterns define how data is exchanged, aggregated, and distributed

across multiple devices during distributed training. An overview of the key communication

primitives is provided below.

• Allreduce: Aggregates data from all devices and distributes the result back to all partici-

pants. Commonly used for gradient synchronization in data parallel training.

• All-to-all: Each device sends distinct data to every other device and receives data from all

others.

• Allgather: Collects data from all devices and concatenates it so that every device has the

full combined dataset.

• Reduce-scatter: Combines a reduction and a scatter operation, where data is first reduced

across devices and then partitioned and distributed, so each device receives only a segment

of the result.

• Broadcast: A single device sends identical data to all other devices. This is commonly

used for distributing model parameters or configuration values.
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• Reduce: Aggregates data from all devices into a single result on a designated root device.

• Scatter: Splits data on a root device and distributes different portions to each participating

device.

• Gather: Collects data from all devices and sends it to a single root device without

performing any reduction.

References for the above collective communication patterns: [62, 48]

1.3.1 Communication Overhead in Distributed Training

As we increase the number of workers or NPUs, the communication overhead of dis-

tributed DNN training increases significantly. During communication phases, NPUs remain idle,

waiting for data transfers to complete. This leads to substantial underutilization of compute re-

sources. This problem is expected to worsen in the future, as improvements in GPU performance

continue to outpace improvements in network bandwidth, further exposing communication

bottlenecks.

To address this issue, several state-of-the-art approaches have been proposed to reduce

communication overhead. From a hardware perspective, one solution is to design faster intercon-

nects. NVIDIA’s NVLink and NVSwitch [26, 59] are prominent examples of high-bandwidth,

low-latency interconnect technologies. However, these systems are typically limited to a single

server or node containing 8 to 16 GPUs. While they may provide terabytes-per-second bandwidth

between GPUs within a node, large-scale training workloads often span across many nodes. In

such cases, communication must traverse the conventional network fabric, which can become a

significant bottleneck.

Another approach is to design more efficient collective communication algorithms.

However, this remains a challenging problem, as only a limited number of well-studied algorithms

exist, and they are not universally optimal across different network topologies. Designing such
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algorithms requires carefully balancing latency and bandwidth efficiency, which is inherently

difficult.

One might consider automating collective algorithm design using optimization techniques

[9, 54, 73, 38]. However, these approaches face scalability limitations and often fail to generalize

to larger or more complex topologies, which are increasingly important in modern distributed

training systems.

An alternative direction is to optimize the network topology itself to better match DNN

communication patterns. This is where reconfigurable network architectures come into play.

Systems such as TopoOpt [72] and TPUv4 [27] leverage reconfigurable network designs to better

align the communication fabric with machine learning workloads. However, both approaches

do not support dynamic reconfiguration during training. TopoOpt, for instance, generates

customized shifted-ring topologies to optimize collective operations, but it may still suffer from

the inherent latency limitations of ring-based communication patterns. Similarly, Google’s

TPUv4 employs a 3D torus-based ML fabric composed of 4×4×4 supercomputing cubes. Within

each cube, the interconnect links are fixed and non-reconfigurable. Only the inter-cube links,

corresponding to the six faces of each cube, are reconfigurable, limiting the flexibility of the

overall network during training.

In our work, we investigate the potential of dynamically reconfiguring the network

during DNN training and demonstrate how enhancing the flexibility of a torus topology through

reconfiguration can improve overall system efficiency.
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Chapter 2

Reconfigurability within Collective Com-
munication Algorithms

The unprecedented growth of AI workloads has resulted in massive investments in

high-performance Neural Processing Units (NPUs), such as GPUs and TPUs, as well as their

supporting interconnects [27, 46]. Despite the ever-growing diversity of DNN models today,

their underlying structure largely remains the same. DNN models consist of many layers of

neurons and have multiple weights and biases associated with them. A model training will go

through multiple iterations until it reaches its desired accuracy. Now, to improve the efficiency

of model training and inference as well as to deal with billions of parameters that are associated

with them, the data and the model are parallelized across multiple NPUs. This leads to various

communication patterns during model training.

Recent work has investigated ways of dynamically changing the physical topology

of the network at runtime, using electronic [57] or optical circuit switches [43, 15, 6, 71,

41]. While dynamically reconfigurable network topologies have shown promise for general

datacenter workloads, in this paper, we investigate the extent to which they may benefit machine

learning (ML) collectives. Several algorithms have been proposed to implement collectives on

static networks (of different topologies), but less well studied has been the interaction between

these algorithms and reconfigurable network fabrics. Existing reconfigurable network design

proposals that optimize ML workloads, such as TopoOpt [72] and TPUv4 [27], use a one-shot
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reconfiguration, making the network static during model training. High reconfiguration delays of

commercially available optical circuit switches are the main reason for not allowing the topology

to reconfigure during training iterations. Other works, such as MixNet [36], leverage the strong

locality inherent in expert-parallel traffic to partition the cluster into regionally reconfigurable

high-bandwidth domains. MixNet [36] assumes a 25 ms OCS reconfiguration latency and relies

on overlapping topology reconfiguration with expert computation.

However, there are many advances in circuit switch technologies to bring down the

switching delays to the nanosecond scale [6, 12]. Therefore, it is important to explore the benefits

that such future technology advances can bring to these ever-growing DNN models. In this paper,

we seek to quantify the potential benefits that such a reconfigurable network layer can bring to

the large-scale collectives that underpin DNN training.

First, we briefly describe the parallelization strategies and the various communication

patterns that can occur during model training due to parallelism. Next, we discuss the state-

of-the-art algorithms that are optimized for Torus-like topologies since they are one of the

popular interconnects used for running ML workloads. Algorithms such as Recursive Doubling,

Swing, and pair-wise exchange of All-to-all all result in congested links1 that lead to suboptimal

performance. Hence, we analyze whether the reconfigurability within a topology slice can

eliminate the congestion to achieve each of these algorithms’ full potential.

2.1 Background

2.1.1 Parallelization Strategies

Different parallelization strategies exist to improve the training time of DNNs. This

requires the synchronization of activations, weights, and gradients among NPUs during the

forward and backward passes.

1Multiple messages from different flows competing for bandwidth on a single link is referred to as congestion in
this paper.
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Data Parallelism:

For Data Parallelism, training samples are distributed across multiple NPUs. Each NPU

holds a copy of the DNN model and locally executes the forward and backward passes. However,

during each iteration, all the NPUs need to synchronize their model weights.

Model Parallelism:

Model Parallelism comes into play when large DNN models cannot fit into a single

NPU or a single server with multiple NPUs. With model parallelism tensor operations and their

weights are distributed across multiple NPUs and each NPU computes a different part of the

DNN model simultaneously.

Pipeline Parallelism:

With Pipeline Parallelism, consecutive layers of the model are assigned to different NPUs

and each layer is processed sequentially.

2.1.2 Collective Communication Patterns

These parallelization strategies result in different communication patterns during the

model training. The following is a list of different communication patterns that can occur

during DNN training: Allreduce, All-to-all, Broadcast, Reduce, Scatter, Gather, Allgather, and

Reduce-scatter. Allreduce and all-to-all are the most common collective communication patterns

that occur in DNN training. Hence, we limit our study to just those two.

Allreduce

Allreduce does a reduction operation on the data across all the NPUs, and the result are

stored locally on every NPU.

All-to-all Personalized

With an all-to-all pattern, each NPU holds a unique chunk of data that needs to be sent to

each of the other NPUs.
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2.2 State of the Art Algorithms

Collective communication patterns can be realized through various algorithms. In this

section, we review the algorithms that have been developed for static network topologies. Next,

in section 2.3, we will examine how they might work on a reconfigurable network.

2.2.1 Cost Model and Notation

We use the α − β cost model [63] to estimate the cost of communication of each

algorithm. We disregard the computation time to solely focus on the network. α is the latency

cost associated with every message (startup time), independent of its size. β is the transfer time

per byte. Therefore, the total cost to transfer n bytes between any two nodes can be modeled as

α +nβ in the absence of congestion.

We focus on running collectives on a torus topology and assume that each node is

equipped with multiple ports. If D denotes the number of dimensions, then a single node would

have 2D ports. The links are bidirectional, and p represents the number of nodes. We assume

each NPU to have a single process.

2.2.2 Algorithms for Allreduce

Ring Allreduce

Ring allreduce requires the NPUs to be organized as a ring. Each NPU sends a block

to its right neighbor and receives a block from its left neighbor. Ring allreduce first does a

reduce-scatter and follows it up with an allgather. In the reduce-scatter phase, each NPU splits its

data into p equally sized blocks and is responsible for doing the reduction for a single block. Each

NPU will then have a reduced portion of the vector at the end of the reduce-scatter phase. Then,

during allgather, each NPU would distribute the reduced portion of the vector to all other NPUs.

The reduce-scatter and the allgather each perform (p-1) steps. Therefore, the total number of

steps required by Ring allreduce is 2(p-1). In each step, a single port would transmit n/2Dp bytes.
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Then the total cost to run ring allreduce can be modeled as T(n) = 2(p-1)α + ((n/D)((p-1)/p)β .

On a 1D Torus, two ring algorithms can be run simultaneously in each direction, each

with a data size of n/2. On a 2D Torus, two edge-disjoint Hamiltonian cycles can be found if a

certain constraint is met [53]. Two edge-disjoint Hamiltonian cycles gives us four rings to run

four simultaneous reductions. However, this algorithm does not work on D > 2 [53].

Bucket

On a square (axa = p) 2D torus, bucket algorithm first runs a row-wise reduce-scatter.

This requires (a - 1) steps. Then a column-wise reduce-scatter is run on the data that has already

been reduced in the previous step, and finally a column-wise allgather is done followed by a

row-wise allgather [8]. On a multiport D-dimensional torus, the algorithm splits the data into 2D

parts and concurrently runs 2D bucket algorithms [53]. There is no congestion since each bucket

algorithm starts with a different dimension and direction. Total cost of bucket algorithm on a

D-dimensional torus is T(n) = 2D D
√

pα + (n/D)β .

Recursive Doubling

Recursive Doubling algorithm has two versions. 1) Latency-Optimal Recursive Doubling

2) Bandwidth-Optimal Recursive Doubling [63]. We use the multi-port version proposed by

Daniele et al. [53] in this paper. In recursive doubling each node communicates with D nodes at

distance 2i (one per dimension) where i is the current step. In the latency optimal version, each

node sends its entire vector to the destination node and receives the destination node’s vector.

Before moving on to the next step, each node aggregates its vector with the receiver’s. The

latency-optimal recursive doubling algorithm executes log2(p) steps and the total cost of latency

assuming that it utilizes all the ports is T(n) = log2(p)α + (n/2D) log2(p)β .

In the bandwidth optimal version, like the previous two algorithms, it does a reduce-

scatter followed by an allgather. The reduce-scatter and the allgather each perform log2(p)

steps. During the reduce scatter period, the algorithm halves the size of the transmitted data at
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each step and doubles the distance between communicating nodes. The allgather reverses the

communication pattern, doubling the size of the transmitted data at each step and halving the

distance between communicating nodes [53]. Assuming all ports are utilized T(n) = 2 log2(p)α

+ (n/D)((p-1)/p)β .

However, unlike the ring allreduce and bucket algorithms, the Recursive Doubling

algorithm results in congested links when the distance between the communication nodes grows.

Swing

Swing is a new allreduce algorithm proposed by Daniele et al. [53] that aims to lower the

congestion prevalent in recursive doubling by reducing the distance between communicating

nodes. It also has two versions: 1) Latency Optimal and 2) Bandwidth Optimal. The bandwidth

optimal version does a reduce-scatter followed by an allgather. Just like the recursive doubling,

reduce-scatter and allgather each execute log2(p) steps. Reduce-scatter phase halves the size

of transmitted data at each step, and allgather doubles the size of transmitted data at each step.

Swing differs from recursive doubling by communicating to a node at distance
s

∑
i=0

(−2)i where s

is the number of steps [53]. Unlike recursive doubling, the communicating peer of each node

swings from left to right and vice versa. With Swing, congestion deficiency decreases with the

number of dimensions since the nodes closer together have more communications done before

moving on to distance nodes [53].

2.2.3 Algorithms for All-to-All

All-to-all communication pattern can be implemented by a variety of algorithms, and

the decision to use what algorithm depends on the message size and the number of processes.

Modified bruck algorithm [65] is typically used for very small size messages, and for large

messages, the pair-wise exchange method is used.
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Figure 2.1. Performance Comparison of State-of-the-Art Allreduce Algorithms

Pair-wise Exchange

In the Pair-wise Exchange method, each process exchanges data with every other destina-

tion process directly, and this method takes p - 1 steps to finish the collective [63].

Bruck Algorithm

Bruck algorithm on the other hand can finish with just log2(p) number of steps but at the

cost of sending more data. Therefore, Bruck is used for short-sized messages.

The basic Bruck algorithm has three phases. First each process i needs to shift its data up

by i elements. Second phase is executed in log2(p) rounds. In the second phase, each process

i send to process j = (i+2k) all the elements whose kth bit of elements that are destined for j
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are equal to one. k represents the current step. By the end of the log2(p) steps all the data gets

sent to the right destination process. However, the data is not in the correct order so in the third

phase each process needs to do a local inverse shift of the blocks. To remove the cost of local

reordering in the third step, a modified bruck algorithm has been proposed [65].

2.3 Case for Reconfiguration

We first analyze the performance of the above-mentioned algorithms on a static torus

topology (Figure 2.1). We consider a 16x16 2D-Torus with allreduce sizes ranging from 32

bytes to 512MiB. We use the metric goodput = n/T(n) to measure the performance of each

algorithm. Goodput denotes how many bytes are reduced per time unit. We use the Structural

Simulation Toolkit (SST) [61] and the algorithms implemented by Daniele et al. [21] to analyze

the algorithm performance. We set the link bandwidth to 400Gb/s with 100ns latency. Per hop

packet processing latency is set to 300ns.

Latency optimal Swing and Recursive Doubling perform well up to 128KiB. Bandwidth

optimal Swing has the best performance between data sizes 512KiB and 32MiB. However, when

the allreduce sizes increase beyond 32MiB, the bucket and ring algorithm start to outperform

all other algorithms. We also plot the goodput gain that is achievable with Swing/Recursive

Doubling if we are to avoid the congestion that is present in the aforementioned algorithms

against the best-performing algorithm. 100% gain means no-congestion version performs 2x

faster than the best performing algorithm, which is denoted in the first letter of the algorithm.

Figure 2.1 shows that there is still a considerable goodput gain to be achieved if the congestion

can be avoided.

On a Torus topology, Ring Allreduce and Bucket algorithm only need each node to

communicate with its neighbors, hence, they see no congestion. Reconfiguration offers no

added advantage for these algorithms directly. Recursive Doubling and Swing, on the other

hand, need to talk to nodes multiple hops away, so some messages have to hop through multiple
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nodes to get to the destination. If a direct link is provided between these distance nodes through

reconfiguration or some other mechanism (adding extra links), link congestion can be avoided,

improving the communication performance. However, there is a latency cost associated with

reconfiguration. In this section, we investigate the maximum delay that these algorithms can spare

if we are to reconfigure the topology slice during every step of the Recursive Doubling/Swing

algorithm. We plot the theoretical goodput gain(ideal) achievable with different reconfiguration

delays. However, we still included the per-hop packet processing latency of 300ns for the

theoretical goodput gain of reconfiguration (e.g., to account for routing table updates, packet

draining, and other network reconfiguration overheads), even though Optical Circuit Switches

(OCS) do not incur per-packet processing delays for a fair comparison.

2.3.1 AllReduce with Reconfiguration

We experimented with various topology sizes and a range of fully exposed switching

times to determine how much reconfiguration overhead these AllReduce algorithms can tolerate

while still delivering performance benefits.

4x4 Torus (16 Nodes)

On the 16-node 2D torus we are running allreduce sizes ranging from 32 bytes to 512MiB.

Figure 2.2 shows the goodput gain if the links between nodes are to be reconfigured to

provide a direct connection among nodes during each step of the Recursive Doubling/Swing

algorithm with different reconfiguration delays. Up to 512KiB data size, reconfigurability can

provide more than 50% goodput gain if the reconfiguration delay can be kept under 500ns. When

the data size increases beyond 2MiB with a small number of nodes, reconfigurability offers no

advantage since bandwidth cost starts to dominate.

Observation 1: On a small number of nodes, allreduce sizes up to 2MiB can see the

benefit of reconfigurability only if the reconfiguration delay can be kept under 500ns.
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Figure 2.2. Goodput gain achievable with different reconfiguration delays on a 4x4 Torus
against the best-performing algorithm (Swing)

8x8 Torus (64 Nodes)

On a 64-node Torus, up to 8MiB, Swing(L/B) has the best performance. However, for

data sizes larger than 8MiB, the Bucket and the Hamiltonian Ring algorithms outperform all

other algorithms. More than 100% performance gain can be achieved with reconfigurability up

to data sizes 128KiB with a reconfig delay of 100ns. It should also be noted that Swing and

Recursive Doubling, which perform worse than Bucket and Ring with large data sizes, can be

improved with reconfigurability to get the same performance as the best-performing algorithm

(Figure 2.3).
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16x16 Torus (256 Nodes)

When the node count increased from 64 nodes to 256, we can see reconfig delay only

needs to be less than 1µs to see any goodput gain over the best-performing algorithm (Figure

2.4).

Observation 2: The flexibility of the reconfiguration delay increases with the increasing

number of nodes.
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Figure 2.4. Goodput gain achievable with different reconfiguration delays on a 16x16 Torus
against the best-performing algorithm

32x32 Torus (1024 Nodes) and 64x64 Torus (4096 Nodes)

For 1K number of nodes, even 1µs reconfig delay shows a 50% goodput gain up to sizes

512KiB compared to the best-performing algorithm. With 4k nodes, 1µs reconfiguration delay

can improve the performance by more than 2x (Figures 2.5 & 2.6).

Observation 3: The Higher the number of nodes, the larger the reconfiguration gain.
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Observation 4: Regardless of the number of nodes (16-4k), allreduce sizes ranging from

32bytes - 2MiB can benefit from reconfigurability.

All the allreduce experiments that we conducted ignored the computation involved in

the reduction operation. If the reconfiguration delay can hide behind the cost of computation at

least partially, it will improve the performance even further, and will greatly reduce the strict low

reconfiguration delay that is required by these algorithms.
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2.3.2 All-to-All with Reconfiguration

We use the all-to-all implementation of emberMpiLib library to gather runtime statistics

for the all-to-all pattern using SST simulator [61]. Exchanged block sizes are uniform. We

use throughput(number of bytes transmitted by a single NPU/T(n)) as our performance metric

and run all-to-all experiment on an 8x8 torus. For reconfigurable results, we use the pair-wise

exchange method in our calculation.

Figure 2.7 shows the reconfigurable goodput gain for all-to-all communication pattern.

When the block size increases, congestion starts to hamper the performance of the static torus

topology, and the reconfiguration can help improve the performance by ∼4x for data sizes ¿

25



32
B

128
B

512
B

2
KiB

8
KiB

32
KiB

128
KiB

512
KiB

2
MiB

8
MiB

32
MiB

Block Size

0%

100%

200%

300%

400%

500%

Re
co

nf
ig

 T
hr

ou
gh

pu
t G

ai
n 

vs
 B

es
t A

lg
or

ith
m

 (%
) AllToAll - 8x8 Torus (64 nodes)

No Reconfig Cost
100ns Reconfig Delay
500ns Reconfig Delay
1us Reconfig Delay

Figure 2.7. Throughput gain achievable with different reconfiguration delays with all-to-all

2MiB, even with a 1µs delay.

However, commercially available optical circuit switches today have millisecond-scale

switching times, making it impossible to use OCS during a training job. However, there have

been many advances in optical switching technology over the recent years to get the switching

times of optics to nanosecond scale. We explore the available options in the next section.

2.3.3 Optical Switching Technology

We give an overview of the recent advances made in optical circuit switching technology

in terms of reconfiguration delay and port count since there is a fundamental tradeoff between

switching times and port count in commodity Optical Circuit Switches (OCS).
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Table 2.1 shows that with a small port count of 16x16, 10ns reconfiguration is possible

giving us 10x more gain than the 100ns delay that we use in speeding up the existing collective

algorithms. However, note that the values shown represent only the switch reconfiguration

time and do not include transceiver locking time, which can add additional latency before data

transmission resumes.

On a 3D-Torus network, a single node at most would only need to communicate with

six other nodes. If an OCS technology with a small port count but with low reconfiguration

delay can be associated with each node on a torus, giving the flexibility of each port link to

be dynamically changed, then the goal of reducing the runtime of the existing state-of-the-art

collective algorithms for allreduce can be made a reality. A topology design work that can realize

this goal in a multi-tenant machine learning fabric is still ongoing.

Table 2.1. Tradeoff between Port Count and Switching Times

Technology Port Count Switching Times
MEMS [52] 320x320 10-15 ms

RotorNet [43] 128x128 10 us
Silicon Photonics [3] 32x32 7 us

PLZT (EpiPhotonics) [12] 16x16 10 ns
Guided Wave [60] 16x16 nanoseconds

2.4 Conclusion and Future Work

Unlike the conventional datacenter workloads, communication patterns of ML workloads

are predictable and periodic [72]. Once the parallelization strategy determines the communication

pattern, the same pattern repeats at every iteration during the entire training job [51]. If the

reconfiguration delay can be kept within nanosecond range, the communication pattern can be

mapped to a circuit switch matching at every step of the algorithm. How the OCS technology

will be integrated into the topology is an interesting question that we currently explore.

There is another advantage of reconfigurability that needs no consideration of switching

times. When a DNN model is run on a 3D torus, typically one dimension is used for data
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parallelism, and the other two dimensions are used for model parallelism and vice versa [37].

Communications that result in data and model parallelism occur at different times, resulting in

1D, 2D, and sometimes 3D logical communications during training. These 1D and 2D logical

communications typically cannot fully utilize all the torus links. Therefore, if we allocate the

unused links to the dimension (direction) where the current communication is happening through

reconfiguration, a considerable speedup of the runtime can be achieved. Since the reconfiguration

delay can be hidden during computation time, even the commodity OCS switches with high

switching times can be used for this purpose, depending on the computation time.

Another advantage of reconfiguration is its ability to change the shape of the torus slices.

Resource allocations and scheduling decisions on large-scale datacenters can result in having

to run training and inference jobs on imbalanced topology slices [27], and it can lead to poor

performance in collective operations. Having different dimension sizes on a torus increases

the Swing and Recursive Doubling algorithms’ congestion compared to a square torus [53].

Imbalanced toruses can also hurt the latency of the bucket algorithm if the dimension sizes are

different [53]. If, through reconfiguration, the shape of the topology slice can be changed prior to

running the training or inference, the runtime can be saved considerably. Providing the ability to

reconfigure a topology slice that is allocated to users opens up many opportunities for optimizing

the training and inference jobs, increasing the utilization of expensive NPUs.

In this work, we considered reconfiguring links at every step of the algorithm to gain

maximum performance. However, if we select the n number of steps that cause the most

congestion for reconfiguration, then we still might gain some performance benefits but with a

flexible reconfigurable delay. We will analyze the tradeoff between the performance gain and the

reconfigurable flexibility in future work.

Another well-known advantage of reconfigurability is the ability to route around failures,

increasing the availability. Performance degradation that happens due to fragmentation can also

be eliminated if the congested links can be isolated using reconfiguration. We plan to explore all

these options in our future work.
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Chapter 3

Flexible Torus Clusters: Less Fragmenta-
tion, Lower Communication Overhead

With the explosive growth of Deep Neural Network (DNN) workloads, we now have

DNN models with billions and trillions of parameters [14]. As a result, there have been massive

investments and rapid developments in ML hardware accelerators such as GPUs and TPUs and

their interconnects to efficiently run these models [47, 16]. On the other hand, conventional

datacenter clusters such as clos topologies are becoming a bottleneck for distributed DNN training

jobs [10, 69]. Hence, large scale cloud providers have started to use different fabrics such as

rings and toruses to better support these DNN workloads [29, 72, 16]. Reconfigurable networks

are also on the rise due to its low power consumption and flexibility. Reconfigurable networks

allow us to dynamically rearrange links over time using optical circuit switches (OCS) making

the topologies much more flexible than traditional fixed link networks. Existing reconfigurable

network designs such as TPUv4 [16] and TopoOpt [72] uses one shot reconfiguration to optimize

the topology for ML workloads. Athapathu et al. [5] also analyzes the state of the art collective

communication algorithms that are optimized for torus-like topologies, and further discusses

how a reconfigurable layer can improve the performance of these large-scale collectives that

underpin DNN training.

Many large cloud providers use various torus variants in their machine learning clusters

(Google TPU, AWS Trainium, etc.). This is mainly due to the fact that overall composition of
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communication patterns in ML workloads forms a torus. Therefore, in this paper, we limit our

analysis to 3D torus networks. The aim of this paper is twofold. 1) Understand the extent of

fragmentation in a reconfigurable torus network 2) Lower the communication overhead of a torus

slice through reconfiguration. We explain these two objectives as follows.

Resource allocations in torus variants in a multi-tenant environment often result in

fragmentation, causing lower system utilization and long queue times. There are two types of

fragmentation that can occur in a torus: internal and external. Internal fragmentation is the

result of an allocating strategy where more nodes are allocated to a job than it needs (Figure

3.1). External fragmentation, on the other hand, is caused by a contiguous job allocation

strategy that makes free system resources to be scattered across the cluster in small blocks. This

result in a situation where the available free blocks cannot be contiguously allocated for a job,

lowering system utilization (Figure 3.2). To make use of the scattered nodes, if a non-contiguous

allocation strategy is used, then the communication interference can degrade the job performance.

Therefore, in this work, we investigate how feasible it is to achieve the best of both worlds (lower

communication overhead and reduced internal/external fragmentation) by using reconfigurability

in torus networks. Our measurement study will help understand the extent of fragmentation

in torus clusters so that better allocation strategies/new topology designs can be formulated in

future work.

3.1 Problem Statement

Fragmentation is a common phenomenon that occurs when multiple jobs contend for

resources in a cluster. In a TPUv4-like cluster, tenants cannot request resources of any topology

size or shape due to constraints in the allocation rules [17]. For example, if a tenant only

needs 100 TPU chips, they need to allocate 128 chips (4x4x8 slice), wasting 28 TPUs (internal

fragmentation). However, it doesn’t show up as fragmentation since the tenants have no option

but to allocate more TPUs than they need, since the shapes that can be allocated have specific
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Used Wasted Free

Figure 3.1. Internal fragmentation: a node (4 compute units) is allocated to a job, leaving most
of its capacity unused.

Job 1 Job 2 Free

Figure 3.2. External fragmentation: a 4×2×1 request cannot be allocated due to lack of contigu-
ous free resources.

rules: mainly the nodes are allocated strictly on multiples of four on all three dimensions of

a torus [17]. Another problem is the external fragmentation that is caused by a contiguous

resource allocation strategy. Even though this is crucial to reduce congestion and communication

overhead, it degrades the system utilization.

We now describe the fragmentation metrics that we use throughout the paper.
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3.1.1 Fragmentation Metrics

Fragmentation metrics tell us how inefficiently the cluster is being used. We measure

both the internal and external fragmentation, as well as the failed allocation rate. While inter-

nal/external fragmentation is important to understand the cluster inefficiency, failed rate allocation

is important to figure out how badly that cluster inefficiency can affect the job allocation. We

calculate these metrics as follows.

Internal Fragmentation

Internal fragmentation reflects the average wasted capacity of the cluster. This is a

weighted average of waste, where weights are proportional to job size. For example, if job A re-

quires only five nodes but ten nodes are allocated, then 5 nodes are wasted (50%). If job B needs

95 nodes but 100 nodes are given, then the waste percentage of that job is 5%. Therefore, we cal-

culate the global system-wide waste fraction as sum(Allocated −Requested)/sum(Allocated) :

10/110 = 9.1%. We use this as our internal fragmentation metric, which answers the question

”What fraction of the system’s capacity is wasted?”

External Fragmentation

External fragmentation indicates the fragmented fraction of free space. In other words, it

answers the question ”How much of the free space is wasted because it is scattered as small, non-

contiguous blocks?” It indicates the severity of fragmentation among the remaining free resources.

We calculate external fragmentation as 1− (MaximumAllocatableCuboid/TotalFreeT PUs). If

the total number of free TPUs can form a single contiguous cuboid then there is no external

fragmentation (ExternalFragmentation = 0). If all the free TPUs are scattered across the

cluster then we say the cluster is experiencing high external fragmentation (TotalFreeT PUs−

0)/TotalFreeT PUs = 1.
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Failed Allocation Rate

The failed allocation rate measures the percentage of jobs that are being denied. It tells

us how often our allocator cannot satisfy job requests compared to the total number of requests

(FailedAllocations/TotalRequests).

First part of the paper is focused on measuring the internal and external fragmentation

as well as the failed rate allocation of a simulated block-wise reconfigurable cluster that is

described in section 3.3. We then developed a synthetic TPU distribution with a mix of irregular

values in the requested TPU slices to measure the true internal fragmentation. We also compute

the fragmentation based on real-world traces on our simulated cluster. Finally we show that a

node-wise reconfigurable cluster can reduce fragmentation even with a TPU slice distribution

where the nodes are allocated strictly on multiples of four on all three dimensions. In the second

part of the paper, we look at how the individual job performance of a torus slice can be improved

through reconfiguration.

3.2 Related Work

Recently, there has been an increase in interest in using dynamically reconfigurable

physical topologies in datacenters [72, 27, 29, 6]. Morphlux [31] is one such proposal where the

accelerators within a server are connected using photonic links instead of traditional electrical

links. They also focused on fragmentation unlike the other papers but only consider slice sizes

smaller than a rack (4, 8, 16 and 32). It is understandable because resources are fragmented by

slices when they are smaller than a rack. But constraints on compute allocation sizes (be it large

or small) hides the true indication of internal or external fragmentation which is the focus of

our paper. There is a separate body of research [33, 11, 34] dedicated to scheduling and job

packing/placement algorithms to reduce internal and external fragmentation in torus networks. Li

et al [33], propose a packing-based job scheduling strategy and a job placement reconfiguration

algorithm to reduce the external fragmentation. Bin packing [28, 68] is also an efficient way to

34



manage resources in torus clusters. However, bin packing solutions are NP hard. Our goal in

this paper is to investigate how the flexibility of a dynamically reconfigurable topology can help

reduce fragmentation and improve individual job performance in torus clusters.

3.3 System Architecture

The simulator we have developed for this paper, is based on the TPUv4 machine learning

supercomputer, which features a 3D torus interconnect [76]. TPUv4 resources are organized as

4×4×4 cubes (A cube is referred as a block in this paper), and each block is equipped with 16

TPU trays. A single TPU tray (a node) has four TPU chips organized as a 2×2×1 mesh. All links

are fixed within the block. However, each block face exposes 16 reconfigurable links, making it

possible to merge multiple blocks to form larger topology shapes (Figure 3.3).

TPUv4 supercomputer supports various TPU slices [27]. TPU slices smaller than 64 chips

(a block) can only support 2D meshes, and the smallest number of chips that can be allocated is

four, according to the cloud TPU slices reported in TPUv4 architecture [17]. However, allocating

a single TPU chip within a node seem possible according to TPUv4 paper [27]. In this paper,

we assume a cloud TPUv4 architecture hence the scheduler does node-wise allocations in our

experiments. When more than 64 chips are needed, topology shape will end up being multiples

of four on all three dimensions.

3.3.1 Simulator Design

In this section, we describe our simulator that mimics a TPUv4-like machine learning

supercomputer. A 2D visualization of a block is depicted in Figure 3.4. This is the same block

that is shown in figure 3.3. Each layer in 3D figure is lined up horizontally so that all the TPUs

in each layer are visible. A cluster is made up of a requested number of blocks during cluster

initialization. The simulator supports both large and small slices described in TPUv4 paper [27].

In this paper, we assume that our cluster nodes are homogeneous and bandwidth is uniform

across both reconfigurable and fixed links. Our experiments also only focus on TPU chips as our

35



Figure 3.3. 3D visualization of a 4×4×4 block. A single TPU tray (a node) has four TPU chips
organized as a 2×2×1 mesh.

primary resource for allocation.

3.3.2 Node Allocation Rules

We draw job samples from the TPU slice distribution provided in the TPUv4 paper [27].

Allocation requests are sent to the cluster in (x·y·z) form. For example, if a tenant wants 8
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Block 0

Free TPUs

Figure 3.4. 2D visualization of a 4×4×4 block that is depicted in Figure 1. Each layer in 3D
figure is lined up horizontally so that all the TPUs in each layer are clearly visible.

TPU chips, the allocation request can be made as (4×2×1). The slice shape requested by the

tenant is preserved by the node-wise allocator. We use a contiguous node allocation strategy, and

assume that the faces of the blocks are reconfigurable. We refer to this cluster as a block-wise

reconfigurable cluster.

Node allocator for the block-wise reconfigurable cluster follows two rules: 1) When a

request is made, allocator always tries the single block fit first: trying to find a node cuboid within

a block. 2) If the requested shape cannot be preserved using a single block, then the allocator

stitches reconfigurable faces along the x, y, and z directions. Cross-unit anchor alignment is

not enforced with face stitching. However, if the face-stitching fails, the allocator falls back to

general multi-block contiguous merge strategy where we first build a virtual Bx·By·Bz layouts

of blocks and searches for any contiguous cuboid in that virtual coordinate space. Allocator

also searches for multiple block-grid layouts (Bx·By·Bz) allowing rectangular (kx·my·nz) block

arrays and not just near-cubic arrangements. Figures 3.5, 3.6 and 3.7 depict the above mentioned

rules.

However, it is important to note that even though the simulator supports allocation of

any shape with both even/odd values in all three dimensions according to node-wise allocation

rules, for our experiments in this paper, job shapes are drawn from the TPU slice distribution

[27] (where the shape of a slice has multiples of four on all three dimensions when the requested

number of nodes exceed 64 chips) unless otherwise noted.
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Block 0

Job 1 (2×1×1) Free TPUs

Figure 3.5. Requested shape: (2×1×1); Single Best Fit Strategy (Due to node-wise allocation,
two more nodes are allocated to Job 1 than it needs, causing internal fragmentation.)

Block 0 Block 1

Job 1 (4×6×4) Free TPUs

Figure 3.6. Requested shape: (4×6×4); Face Stitching: Stitches face along y-direction

Block 0 Block 1

Block 2 Block 3

Job 1 (6×6×4) Free TPUs

Figure 3.7. Requested shape: (6×6×4); General Multiblock Strategy
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Table 3.1. Service Time Distribution

Job Size Service Mix Explanation

Short (0.6, 50) 60% of jobs last 50 arrivals
Medium (0.3, 200) 30% of jobs last 200 arrivals

Large (0.1, 1000) 10% of jobs last 1000 arrivals

3.4 Experimental Design

To produce realistic allocation and deallocation of jobs, we drive the simulator with job

arrivals and service times. Deallocation of jobs is determined by the service time distribution.

It indicates how long a job runs before it leaves the system. In the simulator, time is measured

in the number of job arrivals. For example, if the service time is 200, then that job will get

deallocated 200 arrivals after it was created. We use a simple but a realistic service time

distribution (Table 3.1) where we have many short tasks and few long running jobs. This captures

the well-known skew in deep learning clusters where many short experiments coexist with fewer

long-running training jobs [74]. This discrete mixture approximates the heavy-tailed nature of

job durations and is commonly used in system modeling [20]. Therefore in our experments,

each job gets a random service time drawn from this mix and when simulation time reaches that

expiration, the job gets deallocated.

We use an adaptive job arrivals to achieve and maintain a target utilization level (eg, 10%,

70%, etc) since the fragmentation changes based on the utilization. Arrivals follow a Poisson

process, and to control the utilization at a specific level, we tune the arrival rate (λ ). For example,

every 50 steps, the simulator checks the current utilization and adjusts the λ up if the utilization

is below the target level or down if it is above the target utilization. When the simulation starts, it

first enters the warm-up stage. Warm-up ends adaptively when utilization stays within ±5% of

target for ten consecutive checks. The snapshots of the cluster state are then collected every 20

steps when the utilization is within ±2% of target. Figure 3.8 shows this process in detail. For

each experiment, we collect 500 snapshots for analysis.
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Figure 3.8. Snapshot Process: Tune arrival rate to maintain target utilization. The snapshots of
the cluster state are collected every 20 steps when the utilization is within ±2% of target.

We slightly adjusted the original TPU slice distribution reported in the TPUv4 paper[27]

to ensure that the total percentage sums to 100%. Table 3.10 (first column) shows the slice

distribution we used.

3.5 Evaluation

We report the internal and external fragmentation as well as the failed allocation rate for

various utilization levels (20%, 50%, 75%, and 90%). A total and 500 snapshots were collected

for each experiment and the y-axis shows the fragmentation index for each snapshot.

3.5.1 Internal Fragmentation

Figure 3.9 shows the internal fragmentation for a 64 block cluster. Internal fragmentation

is insignificant across all utilization levels because internal waste can only come from (1×1×1)

and (1×1×2) slices. Moreover, (1×1×1) and (1×1×2) slices only make up about 2.5% of the
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workload distribution contributing to this low level of internal fragmentation (Table 3.10: TPUv4

Distribution; First Column). Therefore, this result is expected. If we do not have (1×1×1) or

(1×1×2) in the slice distribution, we might not see internal fragmentation at all.
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Figure 3.9. Internal fragmentation across different utilization levels for the block-wise reconfig-
urable cluster (64 blocks in the cluster)

3.5.2 External Fragmentation

Figure 3.10 shows the external fragmentation. As expected, fragmentation remains

low (˜2%) at low levels of utilization. However, when utilization reaches 90%, fragmentation

can occasionally rise to nearly 100%. Table 3.2 reports the average fragmentation across 500

snapshots. We observe that at 90% utilization, on average 59% of the free space is wasted because

it is scattered into small blocks. As a result, the allocator is unable to satisfy a considerable

number of job requests as discussed in the following failed allocation rate metric.

3.5.3 Failed Rate Allocation

As explained above, the allocation failure rate (Figure 3.11) follows the same trend as

external fragmentation across different utilization levels. As external fragmentation increases,
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Figure 3.10. External fragmentation across different utilization levels for the block-wise recon-
figurable cluster (64 blocks in the cluster)
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Figure 3.11. Failed allocation rate across different utilization levels for the block-wise reconfig-
urable cluster (64 blocks in the cluster)

the job scheduling failure rate also rises. At 90% utilization, on average ˜38% of job requests

cannot be satisfied (Table 3.2).

Observation 1. As the external fragmentation increases, the job scheduling failure rate

increases correspondingly. At 90% utilization, a 64-block block-wise reconfigurable cluster

wastes, on average, 59% of its free space due to fragmentation, causing approximately

38% of job requests to go unsatisfied.

3.5.4 Measuring True Internal Fragmentation

Now that we have a baseline for fragmentation matrics, we attempt to measure true

internal fragmentation. Internal fragmentation we measured previously does not reflect the true

value because in the original TPU distribution [27] most of the TPUv4 slices are available only

in increments of 64 chips, with shapes that are multiples of four on all three dimensions. Tenants
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Table 3.2. Average fragmentation index across 500 snapshots for a block-wise reconfigurable
cluster (64 blocks in the cluster)

Util. (%) Avg. Internal Avg. External Avg. Failed
Frag. Index Frag. Index Rate

20 0.000553 0.020079 0.056318
50 0.000574 0.059695 0.105441
75 0.000791 0.171978 0.197930
90 0.002165 0.589660 0.382770

have no option but to pick slices according to this rule. However, when the slices are smaller

than a block, TPU slices are available in [1, 2, 4, 8, 16, 32] sizes. As mentioned previously, if a

tenant wants 100 TPUs, the tenant has to pick 128 TPUs (2 blocks) for the job, and waste 28

TPUs. But that is not visible to the cluster manager since the tenant picks slices according to the

block rules. Therefore, to investigate the true internal fragmentation, we developed a synthetic

distribution with a blend of odd/irregular values in the requested TPU slices. Maximum TPU

size still follows the original distribution and the synthetic distribution still has a mix of small,

medium, and large workloads (Table 3.10, second column). CDF comparison of original and

synthetic slice distribution is shown in Figure 3.12.

With synthetic experiments, once a sample is taken from the synthetic distribution,

we map the synthetic shape to the closest original slice. If an exact match is not found in

the original slice distribution, we pick the slice with product(xyz) >= RequestedCount that

minimizes (product −RequestedCount). If multiple candidates have that product, we pick

the most cube-like shape. This way, the synthetic distribution drives the sampling, but all

shapes used in the simulation will always be from the original slice space. With the original

TPU distribution, we only have information about the picked cuboid and the actually allo-

cated shape. So the internal fragmentation is based on (Allocated −PickedCuboid). With

synthetic distribution, we have information about the actual number of TPUs a tenant needs

(RequestedT PUCount <= PickedCuboid <= Allocated). So now the internal fragmentation

can be calculated as (RequestedT PUCount −Allocated).
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Figure 3.12. CDF of slice distribution: The synthetic distribution approximates TPUv4 closely,
though it includes irregular slice requests absent in the original.

Figure 3.13 compares the original internal fragmentation vs true internal fragmentation

at 90% utilization. We can clearly see that the true internal fragmentation is much higher than

the originally reported index. Table 3.3 shows the average true internal fragmentation across all

utilization levels. According to the results we can clearly see that at least 10% of the allocated

nodes are wasted regardless of the utilization level.

Table 3.3. Average internal fragmentation across 500 snapshots for a block-wise reconfigurable
cluster (64 blocks in the cluster

Utilization (%) Original Frag. True Frag.

20 0.000417 0.099271
50 0.000240 0.111309
75 0.000667 0.113766
90 0.002334 0.151100
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Figure 3.13. True internal fragmentation of a block-wise reconfigurable cluster at 90% Utilization
(64 blocks in the cluster)

Observation 2. Internal fragmentation persists across all utilization levels: at least 10% of

the allocated nodes remain unused, regardless of the cluster’s utilization.

3.5.5 Real World Traces

Next, we compute the fragmentation based on real-world traces taken from the Helios

paper [24]. Helios [24] has traces for four independent GPU clusters called Earth, Saturn,

Uranus, and Venus. These clusters are composed of NVIDIA Pascal/Volta GPUs and the GPUs

are interconnected via a hierarchical network. Despite the difference in the topology, we used

the traces with our simulation since it provides rich characteristics about resources requirements

for deep learning jobs. Traces include a total of 1.58M jobs and their characteristics (Table 3.4).

From the trace data, we first build a probability mass function (PMF) for each cluster.

Then we build a per-cluster GPU job size samplers and use it to generate synthetic workloads
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Table 3.4. Number of Deep Learning jobs handled by each cluster in Helios [24]

Cluster Number of Jobs

Earth 427148
Saturn 698896
Uranus 329117
Venus 125303

Table 3.5. Examples of Shape Selection for Helios Traces: Convert the GPU count to a tori
shape (x·y·z) and find the tori shape from the existing TPUv4 distribution

GPU Count Tori Shape Allocated

63 4×4×4 64
65 4×4×8 128

128 4×4×8 128
129 4×4×12 192

that match the empirical distribution of GPU counts across the four clusters. Since we only get

a GPU count from the sampler, we first need to convert the GPU count to a tori shape (x·y·z).

We try to find the exact tori shape from the exisiting TPUv4 distribution that matches the GPU

count. If that is not feasible, we pick the slice with the product >= gpu count that minimizes

(product−gpu count). If multiple candidates have the same product, we pick the most cube-like

shape. Few examples are given in table 3.5.

With real-world traces we have information about the actual number of GPUs a tenant

need. The CDF of the requested GPU count for each cluster is shown in Figure 3.14. So

now the internal fragmentation and wasted capacity can be calculated (OriginallyRequested −

ActuallyAllocated). Calculation for external fragmentation remains the same.

Figure 3.15 shows the internal fragmentation result for each cluster. Earth cluster has

the highest internal fragmentation due to 90% of its jobs requiring only just one GPU wasting a

significant amount of resources. This is because our allocator assigns atleast four TPUs to each

job. This shows the importance of resource sharing within a single node among many workloads.

Just as in the previous experiments real cluster experiment also shows that higher utilization lead
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to higher fragmentation since most blocks are fragmented.
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Figure 3.14. CDF of the requested GPU count for each cluster

Observation 3. Real-world traces highlight the importance of enabling resource sharing

within a single TPUv4 node across multiple workloads to reduce internal fragmentation,

as well as adopting allocation strategies that facilitate such sharing.

3.5.6 Node-wise Reconfigurable Cluster

Next, we explore how increasing the flexibility of a block-wise reconfigurable cluster

can improve system efficinecy. In this section, we show that instead of only allowing block faces

to be reconfigurable if we make all node faces to be reconfigurable allocation can be done much

more efficiently reducing fragmentation. However, it is important to note that the TPU chips

within a node still has fixed links. We refer to this cluster as a node-wise reconfigurable cluster.

With a node-wise reconfigurable cluster, we first try contiguous multi-axis recursive

stitching which we call the ”best-fit”. That is, the allocator tries to fit shapes contiguously across
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Figure 3.15. Internal fragmentation of each cluster in Helios traces in a 3D reconfigurable torus
with node-wise allocation

multiple blocks using best-fit heuristics. It also tries to minimize the fragmentation by choosing

the block with the fewest remaining free nodes. If this recursive plan fails, then the allocator

tries the non-contiguous stitching (scatter-fit), preserving the requested virtual shape. Node-

wise reconfigurable cluster is much more flexible than block-wise cluster because block-wise

cluster enforces face-based stitching rules, requiring units to sit on exposed boundaries since the

links within a block are fixed. Next we give few examples to illustrate the difference between

node-wise and block-wise reconfigurable cluster.

3.5.7 Node-wise vs Block-wise Reconfigurable Cluster

We first show the allocation flexibility of node-wise reconfigurable cluster against the

block-wise cluster with two examples.
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Block 0

Free TPUs

(a) top: Block-wise reconfigurable cluster; fails to allocate nodes since the requested shape cannot be
preserved

Block 0

Job 1 (5×1×1) Free TPUs

(b) bottom: Node-wise reconfigurable cluster

Figure 3.16. Each cluster contains one block, and the requested shape is 5×1×1

Example 1

For this example, let us first assume that both clusters are only composed of one block.

Figure 3.16 shows that for requested shape (5×1×1), block-wise reconfigurable cluster requires

atleast two blocks to preserve the shape hence it fails to allocate nodes to the job. But node-wise

reconfigurable cluster is flexible enough to preserve the shape and allocate nodes within the same

block.
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Block 0 Block 1

Job 1 (6×4×2) Free TPUs

(a) top: Block-wise reconfigurable cluster

Block 0 Block 1

Job 1 (6×4×2) Free TPUs

(b) bottom: Node-wise reconfigurable cluster

Figure 3.17. Each cluster contains two blocks, and the requested shape is 6×4×2

Example 2

In example 2 (Figure 3.17), we can see that while the block-wise cluster requires nodes

from two blocks to satisfy the required shape (6×4×2), node-wise cluster allocate the required

node within the same block reducing the number of fragmented blocks.

Cluster Comparison

Internal fragmentation will have no impact from the reconfiguration setting since we are

drawing job samples from the TPUv4 distribution and still follows node-wise allocations. But we

can improve the external fragmentation as well as failed rate allocation with flexibility garnered

from the node-wise reconfigurable cluster. Figures 3.19 and 3.20 shows the comparison of block-

wise vs node-wise cluster for external fragmentation and failed rate allocation at 90% utilization.

This shows that even if the allocated shape is still selected from the TPUv4 distribution which

allocate slices in multiple of four, external fragmentation and failed rate allocation improved

because node-wise reconfigurable cluster can pack jobs using fewer blocks due to its flexible

reconfiguration settings. We also show the CDF of the admitted jobs (Figure 3.18) for one of
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Figure 3.18. CDF of the admitted jobs

the experiments (at 90% utilization) for reference. Table 3.6 compares the average external

fragmentation as well as failed rate allocation for these two cluster types. According to the

results, the node-wise reconfigurable cluster reduces external fragmentation by approximately

half on average compared to a block-wise cluster. Successful job allocation rate is also higher in

node-wise cluster compared to the block-wise cluster.

Observation 4. A node-wise reconfigurable cluster reduces external fragmentation by

roughly 50–60% across moderate utilizations, with gains tapering to 44% at high load.

Correspondingly, the job allocation rate improves by approximately 15% on average.

3.5.8 Minimizing Node Allocation to Satisfy Job Requests

Next question that comes to mind is ”What if we allocate the minimum number of nodes

to satisfy the tenant requests instead of always picking shapes from the TPUv4 distribution to

lower internal fragmentation?” That is, so far in all of the experiments we pick the closest node
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Figure 3.19. External fragmentation at 90% utilization (64 blocks in the cluster)
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Figure 3.20. Failed allocation rate at 90% utilization (64 blocks in the cluster)
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Table 3.6. Block-wise vs Node-wise Reconfig. Cluster Comparison

(a) Average External Fragmentation

Utilization Block-wise Node-wise % Decrease

20% 0.0239 0.0100 58.16%
50% 0.0549 0.0229 58.29%
75% 0.1568 0.0582 62.88%
90% 0.5377 0.3031 43.63%

(b) Average Failed Rate Allocation

Utilization Block-wise Node-wise % Decrease

20% 0.0790 0.0635 19.62%
50% 0.0993 0.0962 3.12%
75% 0.2028 0.1567 22.73%
90% 0.3478 0.2803 19.40%

shape from the TPUv4 distribution. For example, if the request is for (4×3×1) we pick (4×4×4).

If we do a node-wise allocation without picking up shapes from TPUv4 distribution then the

allocator will choose (4×4×1) as the shape regardless of the cluster type. For this experiment we

use the synthetic distribution since it has odd/irregular shapes. Instead of picking tori shape from

the existing TPUv4 distribution we send the requested shape directly to the allocator. Then we

compare the results with previous synthetic experiment where we pick shapes that are closest to

the requested shapes from TPUv4 distribution) . We use the block-wise reconfigurable cluster

for this experiment.

Figures 3.21 and 3.22 show the external fragmentation and failed rate allocation rate

(at 75% utilization) for synthetic shape (pick the shape that is closest to the requested shape

from TPUv4 distribution) vs exact shape (send the requested shape directly to the allocator).

According to the results, we can see that sending requested shape to the allocator instead of

allocating shapes that are multiple of four in all three directions lead to an increase in external

fragmentation and failed allocation rate. Table 3.7 shows that this outcome is same across all

utilization levels. Even though allowing exact shapes can reduce internal fragmentation up to
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Figure 3.21. External fragmentation at 75% utilization (64 blocks in cluster)

75% utilization (Table 3.8), it tends to increase external fragmentation. This highlights a trade-off

between internal and external fragmentation.

Observation 5. While allowing exact requested shapes improves internal fragmentation

(up to 75% utilization), it does so at the expense of higher external fragmentation and

increased allocation failures, underscoring a clear tradeoff.

3.6 Multi-tenant Collectives

Next important question that we want to tackle is, given a topology slice (x×y×z), can

we allow tenants to reconfigure the links within the slice to improve the performance of DNN

jobs? So far we only talked about how the flexibility provided by reconfiguration can help reduce

fragmentation in ML torus clusters as a whole. However, another important aspect is improving

the performance of DNN jobs in a cluster. In this section, we show how a flexible topology
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Figure 3.22. Failed allocation rate at 75% utilization (64 blocks in cluster)

slice (x×y×z) allocated to a tenant can improve the performance of DNN jobs. That is, once

a topology slice is allocated for a tenant/job, if we give more control to the tenant as to how

they want to rearrange the links either to change the shape or increase the link utilization of the

topology slice, we can lower the communication overhead for these ML jobs.

We investigate two questions : 1) By changing the torus shape of the allocated slice,

can we improve the training time of DNN models? 2) Can we allocate the unused links of the

allocated torus slice in the direction of the communication to lower the communication overhead?

We aim to answer these two questions with two deep neural network models.

3.6.1 DNN Model Simulation

We use two DNN model simulations. One is Deep Learning Recommendation Model

(DLRM) [45, 18] and the other is CosmoFlow model [22, 40]. To improve the efficiency of the

model training today we have various parallization strategies such as data, model, operator and
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Table 3.7. Synthetic vs Exact Shape Comparison

(a) Average External Fragmentation

Utilization Synthetic Exact Shape % Increase

20% 0.0053 0.0911 1618.87
50% 0.0201 0.4050 1915.42
75% 0.1513 0.6796 349.21
90% 0.6282 0.9835 56.58

(b) Average Failed Rate Allocation

Utilization Synthetic Exact Shape % Increase

20% 0.0811 0.1061 30.82
50% 0.1957 0.3581 83.00
75% 0.4107 0.6665 62.27
90% 0.6600 0.8258 25.12

Table 3.8. Average Internal Fragmentation (64 blocks in cluster)

Job Utilization Synthetic Exact Shape % Decrease
20% 0.0993 0.0902 9.16
50% 0.1113 0.0837 24.80
75% 0.1138 0.1122 1.41
90% 0.1511 0.2229 -47.51

hybrid parallizations. These parallelization strategies causes various collective communication

patterns to occur during training. For example, AllReduce and AlltoAll are two of the most

common patterns that you will see during DNN training. However, problem with these collective

algorithms is the high communication overhead. Therefore, our goal here is to investigate

whether increasing flexibility of the topology slice that is allocated to running a particular model

can help reduce the communication overhead.

We describe the two DNN models that we selected for our study as follows.

DLRM

Deep Learning Recommendation Model (DLRM) [45] is one of the most popular indus-

trial recommendation models used by various companies such as Meta, Google, Netflix and
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Table 3.9. DLRM Test Scenarios

Small Data Size Large Data Size

Bottom MLP Allreduce 0.18MiB 128MiB
Top MLP Allreduce 2.77MiB 512MiB

Embedding All-to-all 1MiB 32MiB

Amazon. Common parallelization strategy for the DLRM is to use a combination of of model

parallelism and data parallelism for the embedding tables and Multi-Layer Perceptron (MLP)

layers. The embedding tables can become extremely large. Therefore, it is usual practice to

divide embedding tables across multiple TPUs (Model parallelism). MLPs are relatively small

so you can replicate them as many times (Data parallelism). This model and data parallelism

causes two collective operations to occur during training: All-to-all and allreduce collectives.

Two all-to-all operations occur one in the forward pass and the other in the backward pass. Two

allreduce operations are required to synchronize the gradients of the data-parallel MLP layers.

CosmoFlow Model

For the second model, we chose CosmoFlow [40, 22] because it has multiple collectives

happening among different subgroups of TPUs within a torus slice. CosmoFlow uses a hybrid of

data and operator parallelism. CosmoFlow model has eight layers. Five of them are convolu-

tional and three are dense layers. During the forward pass and backward pass four neighbour

communications occur among convolutional layers and and we will have three allgather and

reduce-scatters among dense layers. Each node in the operator dimension will take part in six

allreduces. This is because instead of having just one giant allreduce collective at the end of the

backpropagation we overlap the computation with the communication. And that will result in six

allreduces. This is a common optimization technique that most models use.

We use the Structural Simulation Toolkit (SST) [61] as our simulator. It is a packet level

network simulator that lets us model and analyze behavior of various topologies. In our case, we

use it to answer following two questions.
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Question 1: By changing the torus shape of the allocated slice, can we improve the

training time of DNN models?

We use DLRM model simulation for this task. Let us assume that the tenant ask for a

64-node topology slice from the TPUv4 supercomputer to train this model. For this experiment

we consider three torus shapes: (16×4×1), (8×8×1) and (4×4×4). We are going to test two

scenarios with these slices: a small data size and a large data size (Table 3.9). We have kept

computation time fixed across both the cases. The other thing to keep in mind is that the

links are fixed once a slice is allocated for the job. The goal is to see whether the shape

of the slice has an impact on the communication time. We are not reconfiguring any links

during the training. Figures 3.23 and 3.24 shows the results for these two cases. In both

the cases we can see that (4×4×4) slice has the least communication overhead. With a small

datasize, the (4×4×4) torus topology reduces communication overhead by 67% compared to

the 16×4 configuration and 40% compared to the (8×8) configuration. For the large data size

where the communication dominates the execution time, changing the torus shape through

reconfiguration still provides clear benefits. Compared to the 16×4 configuration, which incurs

81.06% communication overhead, reconfiguring the topology to (4×4×4) reduces communication

to 68.4%, corresponding to a reduction of approximately 15.6%. Similarly, relative to the (8×8)

configuration with 75.63% communication overhead, the (4×4×4) shape lowers communication

by about 9.6%. This shows that once a slice is allocated to a tenant, enabling reconfiguration

allows the tenant to tailor the slice topology to the application, thereby improving communication

efficiency by enabling more communication-optimal topologies for the workload.

Question 2: Can we allocate the unused links of the allocated torus slice in the direction

of the communication to lower the communication overhead?

We use CosmoFlow model for this task. With CosmoFlow model we partition the model
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Figure 3.23. DLRM with a small data size

horizontally across four nodes and then we replicate that across another 32 groups of servers.

Therefore, the torus slice we need for this job is (1×4×32). We test three scenarios: 1) Fixed

torus links: Overlap communication with computation 2) Fixed torus links: No-overlap between

computation and communication 3) Reconfigurable torus links: Allocate unused links in the

direction of communication (No-overlap between computation and communication). Impact of

reconfiguration is shown in figure 3.25. If we first compare the fixed links performance, we can

clearly see that overlapping computation with communication can reduce the communication

overhead compared the no-overlap case. However in the reconfigurable case, even the no-overlap

setting outperforms the overlap case if we can utilize all the links. When compared to the

Fixed-Links [No-Overlap] case, where communication accounts for 14.1% of total resources, the

Reconfig-Links [No-Overlap] setup reduces this overhead to 5.8%, representing a reduction of

approximately 59%. Even relative to the Fixed-Links [Overlap] case, which has a communication
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Figure 3.24. DLRM with a large data size

overhead of 10.8%, the reconfigurable links achieve a reduction of about 46%. This further

proves the power of reconfiguration in ML cluster settings.

3.7 Conclusion

Addressing the problem of fragmentation is vital to improving the overall system uti-

lization of a cluster. Given the cost of accelerators and the demand for ML workloads, it is

important to make sure the cluster is utilized efficiently. In this paper, we investigate the extent

of fragmentation in a block-wise reconfigurable cluster and show that relaxing the reconfigurable

settings further can lead to reduced fragmentation and the job failure rate. We show that at

90% utilization, a 64-block block-wise reconfigurable cluster wastes, on average, 59% of its

free space due to fragmentation, leading to roughly 38% of job requests being rejected despite

sufficient overall resources. Increasing the flexibility of the cluster—particularly through node-
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Figure 3.25. CosmoFlow model under different configurations

wise reconfiguration—significantly mitigates this issue, reducing external fragmentation by an

average of 55% and improving successful job allocation rates by at least 15%. We also examined

how reconfiguring allocated topology slices can improve individual job performance. Adjusting

the torus shape reduces communication overhead by 15.6% for DLRM on large datasets, while

reallocating unused torus links along the communication direction further cuts overhead by up to

46% for CosmoFlow.
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Table 3.10. Distributions of TPUv4 slices employed in the simulations

Original (Slice:%) Synthetic (Slice:%)

(1×1×1) : 2.1 (1×1×1) : 2.17
(1×1×2) : 0.4 (1×1×2) : 0.41
(2×2×1) : 6.7 (1×1×3) : 1.24
(2×2×2) : 4.7 (1×2×4) : 0.72
(2×2×4) : 6.4 (2×3×5) : 2.17
(2×4×4) : 8.9 (3×3×5) : 4.76

(4×4×4) : 14.4 (2×2×6) : 2.90
(4×4×8) : 19.5 (3×5×7) : 3.62
(4×4×12) : 0.7 (4×4×5) : 6.63
(4×8×8) : 10.7 (4×6×8) : 10.35
(4×4×16) : 1.0 (5×5×9) : 6.52
(4×8×12) : 0.1 (4×4×10) : 1.97
(8×8×16) : 3.2 (6×6×9) : 7.77

(4×16×16) : 0.3 (4×8×12) : 9.12
(8×8×8) : 9.6 (5×7×11) : 3.93

(4×8×16) : 1.7 (6×8×14) : 5.49
(4×4×32) : 0.6 (7×7×13) : 3.10
(8×8×12) : 0.7 (8×8×12) : 7.35
(4×4×64) : 0.1 (9×9×15) : 3.62
(4×8×32) : 0.1 (8×12×16) : 5.18

(8×12×16) : 0.1 (10×10×12) : 2.28
(4×4×96) : 0.1 (12×12×18) : 3.00
(8×8×24) : 0.1 (8×8×20) : 1.86

(8×16×16) : 1.7 (5×5×25) : 0.72
(12×16×16) : 5.7 (7×11×19) : 0.62
(4×4×192) : 0.4 (12×16×16) : 1.35

- (16×16×12) : 1.14
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Chapter 4

Rotor-XDP: Emulating a Circuit-Switched
Network Stack with eBPF

Reconfigurable networks that uses Optical Circuit Switches (OCSes) are slowly paving

their way into datacenters due to their ability to offer high bandwidth at low cost and power.

Jupiter [50] is an example of a real-world cloud deployment that has at least replaced the spine

layer switches with OCSes in their datacenters. However, their design still leaves a large number

of ToRs and aggregate-level switches intact. There are two implications to this. 1) Existing

protocols at end-hosts and lower layers do not need any modifications 2) The power of OCSes is

not fully realized. The main reason for this slow adoption of OCSes by the datacenter operators

is its complexity. It should be pointed out here that the OCSes are not a drop-in replacement

for packet switches since they require assistance from the entire network. This is because the

control plane complexity hidden in packet switches is now exposed to the other elements such as

ToRs and end-hosts with OCSes.

However, there have been many proposals [15, 43, 24, 49, 41] for hybrid and all-optical

designs over the years. Yet these proposals focus entirely on optical design decisions, ignoring

the design’s implications on end-host transport protocols. Therefore, there is a need for an

emulator that mimics the OCS behavior while letting us easily tap into the existing transport

protocols. Emulators are a great way to explore different designs faster and cost-effectively

and offer many possibilities in terms of debugging compared to hardware. In our use case,
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the emulator also let us verify the validity of the optical design before the actual OCS became

available. Time synchronization is another important aspect of reconfigurable designs as nodes

need to be aware of the switch state for traffic scheduling. Therefore, the emulator framework

should also be able to work with popular time synchronization techniques such as PTP [32].

High-performance packet processing frameworks such as DPDK [2], BESS[19], and

Click[30] are popular among researchers for building and testing novel protocols and emulator

designs. eXpress Data Path (XDP) [23] is a programmable packet processing framework that

falls under the same category and runs in the form of an eBPF code. Unlike other frameworks,

the advantage of XDP is its ability to selectively choose kernel networking stack features without

having to take total control of the NIC. XDP also works seamlessly with programmable hardware

designs such as Corundum [13] without needing any driver support but at the cost of performance.

AF XDP [1] on the other hand makes use of XDP to bypass the kernel and redirect frames to a

user-space application.

Our OCS design choice for the emulator is Opera [41]. Opera is a demand-oblivious,

all-optical reconfigurable network design and we have three requirements. 1) Develop an OCS

emulator based on Opera[41] to understand the end-host stack behavior and limitations of the

current protocols. 2) For cloud datacenters to be able to utilize OCSes directly with end-hosts

they need a controller at each end-host that interfaces with the OCS as well as the VMs and

containers. 3) Recently developed real-world OCS (Rotor Switch[42]) which is based on Opera

[41] needs to utilize host DRAM for part of the protocol which requires a software framework

for interfacing with an FPGA-based NIC (Corundum [13]).

Before we reason out why XDP/AF XDP is the right choice for the above requirements,

we first describe the chosen OCS design and the features required by the actual Rotor Switch

[42] and the emulator.
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4.1 System Design

4.1.1 OCS Design

Opera [41] is a demand-oblivious reconfigurable network that follows a static schedule

regardless of the traffic demand making way for a decentralized control plane. It makes use of an

expander graph approach for its deterministic schedule. Our particular example of the design

assumes to have eight OCSes (Rotor Switches) which rotate through a fixed set of configurations

providing connectivity among all connected nodes. The emulator testbed consists of 32 nodes

and each node is assumed to connect to the eight OCSes. At a given time we assume that one

OCS is reconfiguring and the rest of the seven make up the topology which forms an expander.

There are seven possible next-hops a given node can talk to directly in a topology. However,

there are multi-hop paths between all nodes at all times. This gives the system great flexibility

in deciding whether to send packets over multi-hop paths or wait for a direct connection. The

previous experiments with Opera [41] have only been conducted on a simulation and with a

custom network stack. The authors have not examined how the existing transport protocol would

behave under a constantly changing topology like Opera [41] and whether the existing traffic

shaping techniques would still hold in a multi-tenant environment. The goal of the emulator is to

explore these unknowns.

4.1.2 OCS Emulator Requirements

The emulator needs to faithfully mimic the OCS behavior as well as the hardware that

directly connects with the OCS. This becomes important to the end goal which is to analyze the

end-host stack behavior for a given OCS design. All nodes need to be time synchronized with

each other so that the packets are sent at the right times (in the correct topology) by all nodes.

The emulator should also support a given number of containers that we later plan to utilize to

understand how traffic shaping should be done on an ever-changing topology.
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4.1.3 Why XDP/AF XDP?

We rule out DPDK [2] and BESS [19] because they take total control of the NIC and in

the case of hardware/software interaction they cannot seamlessly interact with the FPGA-NIC

(Corundum [13]) without having to make extensive modifications. We also only require certain

types of packets (GRE) [35] to bypass the kernel and need the rest to go through the normal

network stack. This allows us to use PTP on the same NIC as the datapath. The emulator

also needs to interact with multiple containers. This can be easily accomplished by hosting an

XDP program on each VETH and redirecting packets to the emulator via AF XDP. As for the

software/hardware interface with the actual Rotor Switch [42], the requirement arises due to the

limited amount of memory available at the FPGA. The store and forward protocol needed by

the OCS design has to be supported by the host DRAM. Therefore, we need a framework to

interact with FPGA without needing any driver support for fast development. SKB MODE of

XDP allows us just that.

Figure 4.1. Use of XDP/AF XDP in the Emulator

4.1.4 Emulator and the Actual System

A high-level view of the emulator and the actual system is shown in Figures 4.1 and 4.2

respectively. All 32 nodes in the emulator run their own instance of the rotor (in AF XDP) and
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Figure 4.2. Use of XDP/AF XDP in the Physical System (This figure is reproduced from one
that appears in [42])

handle the scheduling, routing, and queue management. In the actual system, those functionalities

are offloaded to the FPGA-NIC. In our design, we host our applications in network namespaces.

We create a VETH pair for each namespace; One we place inside the namespace and the other

one in the root namespace. The physical NIC and the VETH in the root namespace both have

XDP programs running in the driver so that the incoming frames can be redirected to the AF XDP

program (Figures 4.1 & 4.2).

4.2 Implementation

4.2.1 Emulator

We host our emulator logic in AF XDP [1]. It consists of two parts. A user-space

application where the emulator controller resides and an XDP (eXpress Data Path) program that

runs on each VETH and the physical NIC. The responsibility of the XDP program resides in each

VETH is to redirect packets from applications to the emulator. XDP program in the physical

NIC helps filter GRE-encapsulated ingress frames and redirect them to a memory buffer in the

emulator. It lets all other packets go through the normal network stack which is invaluable when

PTP is running on the same network interface. Each AF XDP socket in the emulator is bound

to a specific queue ID (HW Queue/VETH queue) and consists of two rings: RX and TX. This
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enables the emulator to receive packets from the namespace, process them, and send them out via

NIC and vice versa. The emulator acts as a bridge between applications hosted in namespaces

and the physical NIC.

4.2.2 Memory Pool

TX and RX rings that are associated with AF XDP sockets hold the descriptors that point

to data buffers in a memory area called UMEM. UMEM consists of equal-sized chunks of 4096

bytes and is associated with two rings: a FILL ring and a COMPLETION ring. With the FILL

ring, we can pass down the buffer addresses to the kernel so that they can be used to fill the

RX packet data. The COMPLETION ring, on the other hand, contains the buffer addresses of

transmitted packets and can be reused for either RX or TX. In our use case, we share the UMEM

area with all the AF XDP sockets hence each socket gets its own FILL ring and COMPLETION

ring.

We have experimented with two memory pool implementations. 1) All ports (we refer

to an AF XDP socket as a port) share a single UMEM area. 2) Each port has its own UMEM

area. With a single pool implementation when the packets need to be forwarded from/to between

VETH and Physical NIC, descriptors can be passed between ports without ever having to copy

the packet content. However, with a multi-pool approach where each port has its own UMEM,

we cannot avoid the packet copy. We only considered this second approach because when the

number of namespaces increases thread contention can become a bottleneck with a single pool.

However, packet copying has a larger hit against the throughput hence we restored to the first

approach for the emulator.

4.2.3 Data Path

The Emulation data path is shown in Figure 4.3. A packet coming from a VETH interface

first needs to be classified into two categories; low latency or bulk traffic (Bulk-Local). Packets

are then queued by their original destination in local per-dest queues. Then the next hop of
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the packet is determined by the current topology the assumed OCS is in and the packet is

encapsulated with GRETAP. The outer Ethernet header of GRETAP points to the next hop of the

packet and might or might not be its final destination. Finally, the packets are sent out via the

mapped hardware queue. In the RX path, when a packet is received from the physical NIC if the

packet is destined for that node, first we decapsulate the outer headers (remove GRE headers)

and move it to the corresponding VETH queue which is then forwarded to the application. If the

packet is not destined for the node we first move it to the corresponding per-dest non-local queue

and calculate the routing information to determine the next hop. Non-local traffic has a higher

priority than local traffic to reduce the latencies of intermediate traffic.

Figure 4.3. Emulation: Data Path

4.3 Evaluation

Before we start evaluating the end-host behavior with the protocols dictated by the

chosen OCS (Opera & RotorLB [43]) we need to understand the capabilities of XDP/AF XDP
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in terms of latency and throughput. We evaluate our system on three types of servers. We use

Cloudlab c6525-25g (AMD EPYC 7302P 16-Core Processor) servers that have two dual-port

Mellanox ConnectX-5 25Gb NICs for the 32-cluster experiments. Dual-port NIC allows us to

run PTP on a separate interface and busy poll the NIC clock from the emulator to determine the

correct topology for each node. We use Cloudlab r650 nodes (Intel Xeon Platinum 8360Y) to

stress test the XDP/AF XDP with 100G capable NICs. We use campus LEED servers (Intel(R)

Xeon(R) Gold 6150 CPU) to host the FPGA-NICs. We run Ubuntu 22.04.2 LTS with kernel

5.15.0-86-generic version on all servers. MTU for VETH is set to 3400 bytes and for the physical

NIC, it is set to 3490 bytes to accommodate the GRE headers.

4.3.1 Node-to-Node Throughput

With the current version of the emulator, node-to-node experiments can be easily con-

ducted by changing just the routing configuration file for each node. The goal of the node-to-node

experiments is to uncover the limitations of XDP/AF

XDP/VETH and figure out the thread model for the emulator.

Version 1

The first version of the emulator is tested with one network namespace and one HW queue

with a single thread managing both the forward path and the return path as shown in Design 1

of Figure 4.4. This gives us roughly ≈6Gbps throughput for TCP. Managing the forward path

and return path with two separate threads (Design 2 of Figure 4.4) increased the throughput to

≈9Gbps. Further separating the functionality by giving each port’s RX and TX its own thread

(Design 3 of Figure 4.4) increases the throughput to ≈11Gbps. Further improvements by creating

multiple AF XDP sockets for each netdev/q failed due to the reasons mentioned in §4.4. The

next step in the process is to see the scalability of the emulator with multiple namespaces but

keeping the same thread count. This leads to no improvements because sending packets out to

the applications on the return path via VETH TX bottlenecks the whole process. Because of the
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way the shared memory pool works if the buffers cannot be released to the memory pool fast

enough, the NIC side FILL queue runs out of descriptors and the kernel waits for the buffers to

be released by VETH TX so that it can copy NIC RX packets to UMEM.

Figure 4.4. Node-to-Node (Version 1)

Version 2

Experiments with the second version are run on Cloudlab r650 Intel Xeon Platinum

8360Y servers which are more powerful than Cloudlab 6525-25g and have Mellanox ConnectX-6

100Gb NICs. In this version, first, we give each VETH’s RX and TX its own thread and rerun

the previous experiment by increasing the number of namespaces but keeping the hardware

queue count to one. With two namespaces throughput jumps to ≈24Gbps but soon becomes

bottlenecked by the hardware queue count when the namespace count increases beyond two.

Next, we map the namespaces to the hardware queues 2:1 and 1:1 and also increase the number

of iperf3 client processes that we ran on each namespace so that RSS hash has a better chance of

utilizing all available NIC RX queues. 1:1 mapping gives us a higher throughput than the 2:1

mapping. We report only the former results (Figure 4.5) due to the limited space.

72



1_1 2_2 3_3 4_4 5_5 6_6 7_7
Namespace Count vs HW Queue Count

10

20

30

40

50

60

70

80

90
Th

ro
ug

hp
ut

 (G
bp

s)

Cloudlab-MLX-DRV-MODE
LEED-FPGA-NIC-SKB-MODE

Figure 4.5. One-to-One Mapping between Namespaces and HW Queues (Version 2)

FPGA-NIC with SKB MODE

Next, we want to see whether the SKB MODE of XDP gives us a reasonable performance

when used with FPGA-NIC. We conduct the same node-to-node experiment with FPGA-NIC

on campus LEED servers. We see a maximum of ≈48Gbps throughput with SKB MODE on

FPGA-NIC (Figure 4.5). Even though the results for both Mellanox DRV MODE and FPGA-

NIC SKB MODE are depicted on the same graph, we cannot do a direct comparison between

them since the servers that have FPGA-NICs are less powerful than the Cloudlab r650 machines

and cannot account for how much throughput reduction is due to SKB MODE. However, with

the actual system, to account for the loss throughput, we have the option of using XDP/AF XDP

only for the store and forward protocol (for hosting the intermediate traffic) and directly engage

the host machine to run end-user applications instead of using a namespace. Therefore, to see

73



whether the send rate and receive rate to and from AF XDP with SKB MODE is good enough

we created a custom UDP packet generator with AF XDP. Results are shown in Figure 4.6.

We also observed that the receive side throughput largely depends on how well the packets are

distributed across all available RX queues.

4.3.2 Node-to-Node Latency

Latency is another important metric that lets us decide the slot duration of a topology for

the OCS design. We first report the application latency (RTT) between namespace-to-namespace

when used with AF XDP. As a comparison point, we plot the root RTT as well (Figure 4.8).

With AF XDP, 99.99% of packets have less than ≈46µs RTT. This is roughly a ≈16µs increase

compared to the root. We also record the duration a packet spends on AF XDP (time spent

between AF XDP-send to AF XDP-receive) in the namespace-to-namespace scenario (Figure

4.7). Results indicate that 99% of the packets can be routed between AF XDP to AF XDP in

less than 15µs. This is roughly equivalent to the majority of 99% of packets spending ≈16µs

time inside the namespace on both the send and receive side.

4.3.3 Time Synchronization

The next important task is to verify that all nodes are synced with each other and are in

the correct topology for the packet transmission and receive. We run PTP on all 32 nodes. We

take advantage of the dual port NIC and run PTP on a separate interface from the datapath. In

the emulator we busy poll the NIC clock from a different thread and use that timing information

to determine the slot and the topology of the OCS.

To verify PTP along with AF XDP with just a single experiment on all 32 nodes, we host

a UDP client on node-1 (namespace) and a UDP server on node-32 (namespace) and send 90000

packets from node-1 to node-32 via all other nodes (2-31). The configuration file determines

the next hop of the packet based on the original destination and the time slot the OCS is in. A

slot duration is set to 1 ms and for each slot, packets are sent to an intermediate node. The
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Figure 4.6. AF XDP Packet Generator Results for FPGA-NIC SKB MODE

intermediate node’s responsibility is to receive packets via AF XDP and send them out back via

NIC to the final (original) destination. Also to mitigate the effect of batching that happens due to

IRQ coalescing with AF XDP sockets we use SO PREFER BUSY POLL along with proper

values set to napi defer hard irqs and and gro flush timeout.

Then we plot the packet receive times on all intermediate nodes. We see that the packets

are received in the correct order by all nodes and at the correct times. Due to the space constraint,

we omit the graph.

4.3.4 Embedding OCS Behaviour

Now that we have all the pieces together we embed the OCS behavior into the emulator

via a configuration file. Unlike the node-to-node experiments where we map namespaces to

HW queues, mapping needs to happen between per destination local/non-local queues and HW
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Figure 4.7. AF XDP to AF XDP One Way Delay

queues (Figure 4.3). We assume we have eight OCSes and that each OCS rotates through four

matchings. We do not reconfigure the OCSes all at once to prevent total loss of connectivity. We

stagger the reconfigurations so that at a given time only one OCS is reconfiguring and the rest of

the seven OCSes make up the topology as is the case with Opera [41]. This gives us altogether

32 topologies. In each topology, each node will have direct access to seven nodes and indirect

paths to all other nodes. This opens up various possibilities for packet scheduling. We can decide

to send all packets immediately through multi-hop paths to the destination (Opera protocol) or

decide to wait till we get a direct connection to the destination or a mixture of the two (RotorLB

[43]). How the existing end-host stacks as well as many proposals of network stacks designed

for OCSes would react under these conditions is an interesting question that we hope to explore.

In this paper, we only report the first few measurements we have taken with Opera where

we route all packets as soon as they are received by VETH to the destination via either direct or
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indirect paths based on the topology the OCS is in. The maximum hop count a packet takes on a

one-way direction is three if the packet can get to the other end within the timeslot. Based on the

tail latency we observed for the node-to-node scenario in §4.3.2 (Figure 4.8), we can assume that

for the worst-case scenario with Opera where a packet takes three hops in each direction, RTT to

come to about ≈420µs. Based on this number we set 1ms as the slot time for Opera where a

packet has ample enough time to get back even under the worst-case scenario. However, if a

packet is sent near the end of a slot there is a high chance that it might go through a few other

hops since the next hop might have moved on to the next slot. Figure 4.8 shows the RTT for

Opera when it’s moving through all 32 topologies. We see that 99% of the packets are completed

within ≈100µs time. However, the tail latency comes to about ≈373µs which is better than we

expected. If all packets are able to route within a single topology, the maximum number of hops

a packet traverses in each direction will be three for the worst-case scenario. However, we see a

maximum of four hops for a few packets on the return path because as mentioned before if a

packet gets caught up in multiple topologies it might take more hops.

4.4 Challenges and Limitations of XDP/AF XDP

Our initial approach for the emulator is to see the feasibility of implementing part of the

emulator logic (indirection) at the XDP layer since it can be run at the driver level closer to the

hardware reducing the unnecessary latencies that might occur when having to send the packets to

the user space and back out the NIC in indirection. However, we soon realized that we could not

access the NIC clock (which is required to determine the next hop of a packet) in XDP which

only supports CLOCK MONOTONIC. The next attempt is to pass the timing information from

the user space to the XDP program via a BPF map. However, we could not get the accuracy we

wanted because the BPF update took a considerable amount of time.

With Design 3 of Version 1 (Figure 4.4) of the emulator, to increase the throughput of a

single container, we tried to bind more sockets to both netdev1(VETH)/q1 and netdev2(NIC)/q2.
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Figure 4.8. Node-to-Node and Opera RTT

However, XDP only allows the creation of multiple sockets to just one netdev/q1 when multiple

sockets share the UMEM. We report the issue in the GitHub repo. Another limitation we came

across is the fact that sharing UMEM with VETH side sockets alongside the NIC sockets makes

us lose the zero-copy advantage we have with physical NIC sockets.

4.5 Related Work

Etalon is a reconfigurable datacenter network emulator that works for a hybrid network

model, consisting of both packet switches and OCSes. It is based on Click software switch that

uses DPDK for packet processing. The main idea of the paper is to dynamically resize top-of-rack

switch virtual output queues to help ramp up TCP quickly enough to suit the reconfigurable

network. Time-division TCP (TDTCP), is another new TCP variant designed for reconfigurable

data center networks that track the state variables across all time-division networks (TDNs). It is
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Figure 4.9. Number of hops a packet takes when running with Opera

also designed for hybrid networks. Even though there are many OCS designs proposed over the

years they are yet to explore the impact of their design on end host stack behavior.

4.6 Conclusion

Emulators are essential in computer science research to test the feasibility of novel ideas

cost-effectively. They greatly help speed up and simplify system development and debugging.

We use XDP and AF XDP to build an all-optical circuit switch emulator on a 32-node cluster.

We further utilize XDP/AF XDP as a software interface to the FPGA-based NIC that directly

interacts with an actual Optical Circuit Switch. Our goal is to use the XDP/AF XDP emulator to

verify the practicality of the Optical Circuit Switch design and understand the behavior of the

end-host network stack. In this chapter, we recorded our use case and our experience in using

XDP/AF XDP along with the challenges, and limitations we encountered during development.
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Chapter 5

Mitigating Spurious Retransmissions In
Opera

Now that we have the Rotor-XDP emulator, the question remains about Opera’s system-

wide performance. We would like to ask whether TCP is good enough for a network design that

has an ever-changing topology in microseconds time scale. Prior experiments with Opera and

RotorNet have only been conducted on a simulation and with a custom network stack. Although

the recently developed rotor-based optical circuit switch which is based on the aforementioned

papers runs with an unmodified TCP, it only shows RTT measurements with Ping and UDP and

not a comprehensive study of the endhost stack behavior. All of this prior work focused entirely

on the OCS design shedding very little light on the endhost stack behaviour. We plan to remedy

that with this chapter.

When packets belonging to a TCP flow are sent over multi-hop paths due to the nature of

Opera’s design, they are reached at the destination out of order. Therefore, handling reordering

becomes an important part of Opera. To that end, in this chapter, we explore the features of TCP

to minimize the spurious retransmissions that occur due to reordering.

5.1 TCP Loss Recovery Algorithms

To detect and repair packet losses TCP uses various loss recovery algorithms. We first

give an overview of these algorithms as they are essential in handling spurious retransmissions.

80



Fast Retransmission with SACK - The receiver sends TCP Selective Acknowledgments to

inform the sender of the data that has been received. The sender maintains a scoreboard

with this information to keep track of duplicate acknowledgments and retransmits the

missing data segments when the number of DupAcks reaches a threshold.

RACK-TLP - This has two parts. Recent Acknowledgment (RACK) keeps a virtual timer for

every transmitted data segment and inferences losses when the timer expires. This virtual

timer is set dynamically based on the minimum RTT plus an additional delay budget to

account for reordering. Tail Loss Probe (TLP) on the other hand uses RACK to trigger

ACK feedback by sending a probe packet to avoid expensive retransmission timeouts

(RTO).

RTO recovery - Sender restores to RTO recovery when all else fails to repair the losses. RTO

is initially set to one second and then decreases according to connections smoothed RTT

(SRTT) plus four times the RTT variation. Once a retransmitted packet gets lost, RTO

exponentially backs off. Maximum and minimum allowed timeout are 120s and 200ms

respectively.

Next, we evaluate the extent of spurious retransmissions in Opera and explore how to

mitigate them by tuning TCP loss recovery algorithms.

5.2 Evaluation

We evaluate our system on Cloudlab c6525-25g (AMD EPYC 7302P 16-Core Processor)

servers that have two dual-port Mellanox ConnectX-5 25Gb NICs. Dual-port NICs allow us to

run PTP on a separate interface and busy poll the NIC clock from the emulator to determine

the correct topology for each node. We run Ubuntu 22.04.2 LTS with kernel 5.15.0- 86-generic

version on all 32 servers. MTU for VETH is set to 3400 bytes and for the physical NIC, it is

set to 3490 bytes to accommodate the GRE headers. We describe the testbed in the following

section.
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5.2.1 Testbed

Our testbed consists of 32 nodes and the rotor controller runs on each node faithfully

mimicking the OCS behavior as well as the hardware that directly connects with the OCS. All

nodes are time synchronized with each other using PTP so that the packets are sent at the right

times (in the correct topology) by all nodes. The rotor controller in each node handles the

scheduling, routing, and queue management. We host our applications in containers with an

unmodified TCP stack to understand the host stack behavior when it interacts with the Rotor

design. We create a VETH pair for each container; One we place inside the container and the

other one in the root namespace. The physical NIC and the VETH in the root namespace both

have XDP programs running in the driver so that the incoming frames can be redirected to the

emulator which is an AF XDP program. Each AF XDP socket in the emulator is bound to a

specific queue ID (HW Queue/VETH queue) and consists of two rings: RX and TX. This enables

the emulator to receive packets from the container, process them, and send them out via NIC and

vice versa. The emulator acts as the rotor controller and forms a bridge between applications

hosted in containers and the physical NIC.

A packet coming from a VETH interface first needs to be classified into two categories;

low latency or bulk traffic (Bulk-Local). Packets are then queued by their original destination in

local per-dest queues. Then the next hop of the packet is deter- mined by the current topology

the assumed OCS is in and the packet is encapsulated with GRETAP. The outer Ether- net header

of GRETAP points to the next hop of the packet and might or might not be its final destination.

Finally, the packets are sent out via the mapped hardware queue. In the RX path, when a packet

is received from the physical NIC if the packet is destined for that node, first we decapsulate the

outer headers (remove GRE headers) and move it to the corresponding VETH queue which is

then forwarded to the application. If the packet is not destined for the node we first move it to

the corresponding per-dest non-local queue and calculate the routing information to determine

the next hop. Non-local traffic has a higher priority than local traffic to reduce the latencies of
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intermediate traffic.

5.2.2 Topology and Routing

Unlike most of the OCS designs which assume to have a blackout period during circuit

reconfiguration, Opera provides connectivity among all nodes at all times by staggering the

reconfigurations. We assume we have eight rotor switches and that each rotor rotates through

four matchings. We do not reconfigure the rotors all at once to prevent total loss of connectivity.

We stagger the reconfigurations so that at a given time only one rotor is reconfiguring and the

rest of the seven rotors make up the topology. This gives us altogether 32 topologies. In each

topology, each node will have direct access to seven nodes and indirect paths to all other nodes.

The slot duration of a single topology is determined by the accuracy of PTP and the

node-to-node ping latency (RTT) between containers. Opera routes all packets as soon as they

are received by VETH to the destination via either direct or indirect paths based on the topology

the rotor switch is in. The maximum hop count a packet takes on a one-way direction is three

if the packet can get to the other end within the timeslot (Fig. 5.5). However, if a packet is

sent near the end of a time slot there is a high chance that it might go through less or more than

the intended number of hops since the next hop might have moved on to a different topology.

Based on the ping RTT we observed for the direct container-to-container scenario (Fig. 5.1), we

experimented Opera with 100µs, 200µs, and 1ms time slots.

95th percentile ping RTT for direct container to container (between node-1 and node-2)

is ≈41µs. We compare this result with Opera under various time slots between the same two

nodes (Fig. 5.1). The increased RTT we see for Opera is due to packets taking multiple hops to

reach the destination as per the topology rotation (Fig. 5.2). We can see that the RTT distribution

closely follows the hop count distribution. The maximum number of hops a packet takes during

a full RTT for Opera between node-1 and node-2 is five if it follows the intended Opera path

meaning that the current topology has not changed during the RTT. However, we see a maximum

of eight hops for 100µs slot length and seven for 200µs and 1ms slot lengths within a single RTT
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Figure 5.1. Ping RTT Distribution when Opera is moving through all 32 topologies between
node-1 and node-2

indicating that a topology change has occurred amid RTT for some packets. If a topology change

has occurred during a packet journey to the destination we define that one-way path (forward

path or return path) as a rogue path. The highest number of rogue paths (30%) are seen for the

100µs slot experiment followed by the 200µs slot experiment (13%). Only 3% of rogue paths

are observed for the 1ms slot length experiment. The percentages are consistent across multiple

runs of the experiment. The higher rogue path count of shorter time slots can be explained by

the fact that the 100µs slot length is not enough for a packet to get back to the source under

the same topology if has to follow multiple hops, given the node-to-node RTT of ≈41µs. The

overhead of the software NIC (Rotor Controller) also contributes to the high RTT of Opera. If

the routing logic can be implemented in hardware where packets hop between hardware NICs

within nanoseconds timescale without going back up the host, RTT can be drastically reduced
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Figure 5.2. Distribution of hop counts between node-1 and node-2 for ping experiments
conducted in Fig. 5.1

even if a packet has to take multiple hops.

5.2.3 TCP Stack Analysis

We use 200µs slot length for TCP stack analysis with Opera. This is a trade-off between

cycle time and the intensity of rogue paths. 1ms slot length has only 3% rogue paths but has a

high cycle time of 32ms. 100µs slot length on the other hand has a high rogue path percentage

(30%) but a small cycle time of 3.2ms. 200µs gives us the best of both worlds with just 6.4ms

cycle time with only 13% rogue paths.

We run a single instance of iperf3 with an unmodified TCP stack inside a single

container. The Rotor controller has 32 local and non-local queues and the traffic is mapped to a

single hardware queue with AF XDP. We rate limit each container to 11 Gbps and the goodput

achieved between two nodes for this simple setup without Opera for a single container is 10
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Figure 5.3. Number of spurious retransmission observed in each second for five trials of iperf3
during a 60s period with Opera when loss recovery algorithm is RACK.

Gbps with zero retransmissions. Throughput can be linearly increased with hardware queues and

containers. The main goal of this seemingly simple experiment is to uncover the behavior of the

traditional TCP stack when it interacts directly with an ever-changing topology like Opera.

We run iperf3 for 60s and this includes ≈9375 rotor cycles. As expected packet

reordering becomes the number one issue with Opera when running with the traditional TCP

stack. Packets belonging to a single flow traverse through multiple topologies following different

paths and end up in different order at the destination causing spurious retransmissions from the

sender. Fig. 5.3 shows the number of spurious retransmissions observed for five trials of iperf3

during a 60s period.

Question: Can we eliminate spurious retransmissions with existing features of TCP?
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Figure 5.4. Number of spurious retransmissions observed for different reordering windows.
The reordering window for default RACK is dynamically adjusted between MIN RTT/4 and
1-SRTT based on the window step value.

RACK is the default TCP loss recovery algorithm used in Linux. To be more reorder

resilient, RACK uses a reordering window of min rtt/4 as a settling delay. This reordering

window can be dynamically increased up to smoothed RTT (SRTT) with the help of a window

step value maintained by RACK. RACK increases this step value every time it sees a Duplicate

Selective Acknowledgement (DSACK). A DSACK suggests that the sender has made a spurious

retransmission and that the reordering window might be too small as a settling delay. Therefore,

the reorder window is allowed to increase up to 1 SRTT according to the window step value.

Finally, RACK marks a packet as lost if it has not been sacked beyond the recent RTT plus the

reordering window [64].

All of the spurious retransmissions we see in Fig. 5.3 are due to the expiry of this RACK

virtual timer. To figure out whether it is the minimum RTT or the Smoothed RTT that has been
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used for the reordering window calculation, we keep track of the window step value maintained

by RACK with a BPF hook (Table 5.1). The RACK window step spends the majority of the time

in its maximum allowed value (between 128 and 255) indicating that the reordering window uses

SRTT. Currently, there is no mechanism in Linux to increase the reordering window beyond 1

SRTT. Therefore, we modified the kernel to test multiples of SRTT values with Opera. Fig. 5.4

shows that at least 2-SRTT timeout is needed to bring down the spurious retransmission count to

zero.

When RACK is disabled it falls back to DupAck threshold. However, there is no DupAck

counter when SACK is enabled. Therefore, TCP uses the total number of SACKed segments

for DupAck heuristics. For fast retransmission with SACK, both DupAck heuristics and reorder

detection are needed. TCP determines that a reorder has occurred when a higher sack sequence

has been delivered before a lower never-retransmitted sequence [64]. The reorder distance is

approximated in full-mss packet distance and is configurable in Linux with tcp reordering

and tcp max reordering configurations. tcp reordering indicates the initial reorder level

(default 3) and is allowed to go up to tcp max reordering (default 300). TCP dynamically

adjusts the reorder level between these two values. If the DupAck count exceeds the reordering

level, the connection enters the recovery stage, reducing the congestion window.

With Opera the number of spurious retransmissions we see with the SACK DupAck

threshold with default reorder levels is no different from RACK (Fig. 5.3). Therefore, we set up

various values for tcp reordering and tcp max reordering to track the reordering distance

needed by Opera to reduce the spurious transmissions with SACK. We observe that the spurious

retransmissions can be reduced to zero for iperf3 if the maximum reorder distance is set to at

least 4095 (Table 5.2).
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Figure 5.5. Distribution of hop counts for intended paths between all 32 nodes (32x32)

5.3 Conclusion

In this chapter, we demonstrate that unnecessary retransmissions caused by dynamic

reconfiguration can be mitigated using existing TCP loss recovery mechanisms. However, in

Linux, there is no built-in support for increasing the reordering window beyond one SRTT when

using RACK, the default loss recovery algorithm, without modifying the kernel. In contrast,

adjusting the SACK DupAck threshold provides an alternative approach to reducing spurious

retransmissions. This method is less intrusive than modifying RACK, which requires kernel-level

changes to extend the reordering window and eliminate such retransmissions.
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Table 5.1. RACK Window Step Distribution

Window Step Count
0 - 1 271
2 - 3 324
4 - 7 504

8 - 15 1881
16 - 31 22003
32 - 63 318420

64 - 127 653476
128 - 255 2190298

Table 5.2. Histogram for Reorder Distance (SACK)

Reorder Distance Count
0 - 1 0
2 - 3 58
4 - 7 0

8 - 15 0
16 - 31 1363
32 - 63 1673

64 - 127 145
128 - 255 639506
256 - 511 314243
512 - 1023 1545893

1024 - 2047 51
2048 - 4095 1294703
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Chapter 6

Conclusion

In this dissertation, we explored how reconfigurable networks can be leveraged to improve

the communication performance of large-scale DNN training workloads while also reducing

overall system fragmentation. We first investigated the benefits of dynamically reconfiguring

network links at every step of collective communication algorithms to maximize performance

gains. While fine-grained reconfiguration at every step provides the highest potential perfor-

mance improvement, an important direction for future work is to investigate whether selectively

reconfiguring only the most congestion-prone steps can still deliver significant performance

gains while relaxing reconfiguration latency requirements. This highlights an important tradeoff

between performance improvement and reconfiguration flexibility that warrants further explo-

ration in future work. We then demonstrated how increasing the flexibility of Torus networks

through reconfiguration can help mitigate system fragmentation in multi-tenant ML clusters.

Finally, we extended the concept of flexibility even further by enabling tenants to directly control

how their allocated topology slices are reconfigured, allowing them to optimize the network for

the communication characteristics of their individual workloads. Together, these contributions

illustrate the potential of reconfigurable network architectures to address both the performance

and resource efficiency challenges of next-generation AI datacenters.
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