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Abstract

As chip-to-chip silicon photonics gain traction for their bandwidth
and energy efficiency, their circuit-switched nature raises a
fundamental question for collective communication: when and how
should the interconnect be reconfigured to realize these benefits?
Establishing direct optical paths can reduce congestion and prop-
agation delay; however, each reconfiguration incurs non-negligible
overhead, making naive per-step reconfiguration impractical.

We present HARVEST, a systematic approach for synthesizing
topology reconfiguration schedules that minimize collective
completion time in photonic interconnects. Given a collective
communication algorithm and its fixed communication schedule,
HARVEST determines how the interconnect should evolve over the
course of the collective, explicitly balancing reconfiguration delay
against congestion and propagation delay. We reduce the synthesis
problem into a dynamic program with an underlying topology opti-
mization subproblem and show that the approach applies to arbitrary
collective communication algorithms. Furthermore, we exploit the al-
gorithmic structure of a well-known AllReduce algorithm (Recursive
Doubling) to synthesize optimal reconfiguration schedules without
using any optimizers. By parameterizing the formulation using
reconfiguration delay, HARVEST naturally adapts to various photonic
technologies. Using packet-level and flow-level evaluations, as well
as hardware emulation on commercial GPUs, we show that the
schedules synthesized by HARVEST significantly reduce collective
completion time across multiple collective algorithms compared
to static interconnects and reconfigure-every-step baselines.
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1 Introduction

The explosive growth of AI/ML workloads [14, 24, 33, 53, 58, 68, 82],
together with the increasing scale of distributed computing infras-
tructure [24, 25, 58], has led to rapidly rising demands on network
bandwidth and energy efficiency. The performance of these work-
loads critically depends on collective communication among GPUs,
such as AllReduce and All-to-All [16, 47, 65, 66]. Modern hyperscale
systems consist of large numbers of multi-GPU servers intercon-
nected by packet-switched networks that support GPU-to-GPU
communication [54]. Despite their widespread adoption, these in-
terconnects face fundamental limitations. Electrical links are power-
hungry and generate significant heat [73], raising concerns for
scalability and sustainability. At the same time, intra-server GPU in-
terconnects rely on CMOS-based technologies whose bandwidth has
not kept pace with GPU compute growth [9, 33, 49, 50]. As the slow-
down of Moore’s Law continues to widen the gap between compu-
tation and communication [9], these constraints become especially
pronounced in scale-up systems, where limited interconnect band-
width, such as PCle, increasingly bottlenecks collective performance.

Silicon photonics promise substantially higher bandwidth and im-
proved energy efficiency [21,37, 40, 75], making them an attractive al-
ternative. At the same time, their circuit-switched nature introduces
new challenges for collective communication due to non-negligible
reconfiguration delays. A static photonic topology avoids reconfigu-
ration overhead but inevitably suffers from congestion due to multi-
hop forwarding between GPUs. Conversely, a dynamically reconfig-
urable topology can, in principle, eliminate congestion by establish-
ing direct optical paths between communicating GPUs, but only at
the cost of reconfiguration delay. Balancing this fundamental trade-
off is essential to realizing the practical benefits of silicon photonics.

Prior work on optical circuit-switched networks largely falls into
three categories. One line of work advocates one-shot or infrequent
reconfiguration when reconfiguration overhead is high [76],
effectively treating the topology as static during execution. Another
line assumes that reconfiguration overhead is negligible and relies
on periodic or demand-aware reconfiguration [3, 5, 6, 26, 45, 56],
often using Birkhoff-von Neumann (BvN) decompositions [12] of
aggregate traffic matrices. A third category explicitly incorporates
reconfiguration delay into the optimization objective [13, 44, 46],
but still adopts a traffic-matrix abstraction and restricts routing to
single-hop paths within each topology choice!.

While appropriate for bulk or steady-state traffic, these abstrac-
tions fundamentally ignore the step-wise structure of collective com-
munication. Unlike bulk traffic, collective communication is staged:
progress unfolds over a sequence of steps, and the communication
patternateach step has knowndependencies on prior ones. This struc-
ture creates an opportunity to plan reconfigurations across multiple

These works permit multi-hop forwarding only across reconfiguration events [13],
or rely on auxiliary electrical interconnects when reconfiguration delays are high [46].
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steps, exploiting future knowledge to amortize reconfiguration delay
against reductions in congestion and propagation delay. However,
existing approaches, whether they ignore reconfiguration overhead,
restrict reconfiguration during execution, or optimize over aggre-
gate traffic matrices, fail to capture these step-level dependencies.
As aresult, they forgo a significant opportunity to reduce collective
completion time. This gap in the literature raises a natural question:

To what extent can reconfigurability be exploited to reduce collective
completion time?

Answering this question requires deciding when and how to
reconfigure a photonic interconnect during a collective, while
balancing reconfiguration delay against congestion and propagation
delay. Our approach is grounded in two observations that together
provide a principled way to reason about this trade-off.

First, unlike prior work that applies Birkhoff-von Neumann
(BvN) decompositions to aggregate traffic matrices, many collective
communication algorithms admit a natural BvN representation
at the level of individual communication steps [12]. Each step
corresponds to a matching, and the collective as a whole can be
viewed as a weighted sequence of such matchings. This structure
arises directly from the staged nature of collective primitives, which
are traditionally designed around point-to-point communication
patterns? [18]. Second, this representation connects naturally to
performance analysis.

Based on these observations, we can express the completion time
of each step through the lens of maximum concurrent flow [67],
which permits multi-hop forwarding under a chosen topology.
Interestingly, this representation uncovers the classic a—f cost
model for collective communication, explicitly accounting for
network congestion.

The model can then be extended for reconfigurable interconnects
by explicitly accounting for reconfiguration overhead, where each
topology change contributes an additional delay a; to the overall
completion time. This new formulation quantifies collective comple-
tion time in a way that explicitly captures reconfiguration overhead.

Finally, we cast this formulation as an optimization problem that
synthesizes circuit switching schedules which adapt to the underly-
ing reconfiguration delay and determine when and how the intercon-
nect should reconfigure to minimize total collective completion time.

We present HARVEST, a framework that synthesizes optimal pho-
tonic switching schedules for any given collective communication
algorithm. The key insight underlying HARVEST is that topology
synthesis exhibits a natural recurrence over contiguous ranges of
communication steps, which enables a dynamic programming formu-
lation. Each subproblem selects an optimal topology for a sequence
of steps executed without reconfiguration. The resulting subproblem
resembles degree-bounded, demand-aware network design, with a
crucial distinction: communication demand is not available upfront,
but is revealed sequentially, as each step of the collective depends on
the completion of prior ones. To capture this temporal structure, we
formulate the subproblem as a Mixed-Integer Second-Order Conic
Program (MISOCP) and integrate it with the dynamic program to
construct a globally optimal reconfiguration schedule. We synthesize
topologies offline, computing the schedule once and reusing it across
all executions of the collective. Our framework applies to arbitrary

2We generalize beyond the point-to-point communication model later in the paper (§3.3).
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collective communication algorithms and is suitable for scale-up
domains with typical network sizes ranging from 8 to 64 GPUs.

We further apply HARVEST to the Recursive Doubling AllReduce
algorithm [59], which exhibits additional structure that substantially
simplifies schedule synthesis. Exploiting this structure, we show
that optimal topology reconfigurations can be computed with
polylogarithmic complexity, and empirically within tens of
microseconds, even for interconnects with up to 1024 GPUs.

We evaluate HARVEST using extensive packet-level simulations
in Astra-Sim [77], numerical evaluations using Gurobi [29], and
testbed emulation. Across a range of collective algorithms, including
Swing [65], Recursive Doubling [38], Bine butterflies [20], binomial
trees, and Bruck’s algorithms [15], the topologies synthesized
by HARVEST reduce collective completion time by up to = 2x
even compared to the best strategy among static topologies
and BvN schedules that reconfigure at every step. We further
measure the synchronization overhead introduced by in-collective
reconfigurations on a testbed with NVIDIA GPUs and find that
these overheads are negligible, on the order of a few microseconds.

In summary, our main contributions are:

m HARVEST, a systematic approach for navigating the trade-off
between congestion, propagation delay, and reconfiguration
delay in photonic interconnects for collective communication.
HARVEST synthesizes optimal photonic switching schedules by
combining dynamic programming with topology optimization
and applies to arbitrary collective algorithms.

m Structural insights into Recursive Doubling AllReduce that enable
optimal schedule synthesis within polylogarithmic complexity,
eliminating the need for mixed-integer optimization in this
special case.

m An extensive evaluation using Astra-Sim, flow-level simulations,
and hardware emulation on commercial GPUs, demonstrat-
ing significant performance improvements over static and
reconfigure-every-step baselines.

m Public release of all artifacts at https://github.com/STyGIANet/
Harvest, including the circuit switching implementation in
Astra-Sim, to ensure reproducibility and support future research.

This work does not raise any ethical issues.

2 Background & Motivation

Unlike traditional datacenter applications, the collective operations
among GPUs in AI/ML workloads result in staged and highly struc-
tured communication patterns. Among these collectives, AllReduce
and All-to-All are especially prevalent [42, 43, 53, 58, 60, 61, 68, 81].
AllReduce, as the name suggests “reduces” (e.g., sum) the data
each GPU holds and then distributes the results to all others. In
All-to-All (Figure 1), each GPU j delivers a portion of the data it
holds (block i) to another GPU (i). A wide range of algorithms exist
for both of these collectives [15, 59, 64, 65]. Both primitives are
bandwidth-intensive and latency-sensitive.
Limits of topology-aware collectives: Many prior works design
collective algorithms for specific network topologies using the
classic a—f cost model [16, 47, 66]. While these topology-aware
algorithms can improve collective efficiency on fixed interconnects,
they inherit the rigidity of the static networks on which they run.
Multi-step collectives [59] repeatedly exchange data across different
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Figure 1: Collective communication primitives

pairs of communication partners. Under a fixed topology, some of
these exchanges must traverse longer or congested paths, increasing
both latency and bandwidth consumption [65]. As a result, static
networks must provision for the worst-case demand over the entire
lifetime of the collective, which often leads to underutilization when
communication is sparse or staged. Techniques such as pipelining
or mirroring can partially mitigate these effects [65] but they cannot
fully overcome the limitations.
Throughput modeling and BvN decompositions: The maximum
concurrent flow framework [67] is a standard tool for reasoning
about network throughput and congestion [3, 6, 34, 51, 69]. It
connects naturally to Birkhoff-von Neumann (BvN) decompo-
sitions, which express an aggregate traffic matrix as a convex
combination of matchings [51]. This abstraction underlies many
approaches for synthesizing circuit switching schedules in
demand-aware networks [37, 56, 76]. However, BvN decompositions
and traffic-matrix-based formulations inherently assume that all
communication demand is available simultaneously. Collective
communication violates this assumption: collectives generate
and consume data in a strict sequence, and later communication
steps cannot begin until earlier steps complete. As a result,
static traffic-matrix decompositions fail to capture the temporal
dependencies that are intrinsic to many collective algorithms.
Programmable but costly reconfiguration: Reconfigurable pho-
tonic interconnects enable the network topology to adapt to the com-
munication pattern of each collective step and can potentially reduce
congestion and improve throughput [7, 21, 40]. But this flexibility has
a cost. The reconfiguration delay is high in photonic interconnects
which can negate any gains if we are not careful [21]. Much of the
existing literature either assumes that reconfiguration overheads are
negligible or avoids reconfiguration altogether when they are not.
We advocate a more principled perspective that bridges the
staged structure of collective algorithms, the limits imposed by
network throughput, and the real cost of reconfiguration.

3 ATheory for Adaptive Scaleup Domains

We first describe our architecture (§3.1), and motivate the case for
reconfiguration delay-aware circuit switching with an example
(§3.2). We then revisit modeling the completion time of collectives
(§3.3), revealing an optimization opportunity to account for
interconnect reconfiguration delays (§3.4).
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3.1 Architecture and Assumptions

Interconnect: We consider a scale-up domain with n GPUs,
each equipped with an electrical-to-optical transceiver (e.g.,
TeraPhy [75]) of capacity c. All n transceivers connect to a photonic
interconnect with n ports, which can establish direct optical paths
between pairs of ports, thereby enabling GPU-to-GPU communica-
tion [72]. The interconnect is programmable and supports dynamic
reconfiguration of optical paths on demand [40]. Either a central
controller controls the interconnect or the interconnect is passive
(transceivers can tune the wavelength of the emitted light). In the
latter case, wavelength-selective switching within the photonic
fabric establishes direct paths between ports without centralized
control. In both designs, reconfiguring the interconnect incurs a
non-negligible delay, denoted by «;. Several photonic technologies
incur reconfiguration delays that depend on the number of ports
involved in the reconfiguration [21].

We assume the reconfiguration delay a;, is constant (e.g., based
on the total port count). Our framework can be extended to capture
port-dependent or topology-dependent reconfiguration delays. We
assume that all GPUs reside within a single scale-up domain and
have fast access to shared memory, as in modern systems such as
DGX-class servers [32]. This enables GPUs to synchronize efficiently
using a barrier before a collective step, perform reconfiguration
synchronously if needed, and then proceed with communication.
We assume collectives with n GPUs. We can also selectively apply
our framework to subsets of GPUs (where we reconfigure a subset
of ports when necessary).

GPU forwarding: We assume that GPUs are equipped with an
in-built router, similar to those used in Google’s TPUs [33], and
support cut-through forwarding at intermediate nodes. In particular,
GPUs can begin forwarding data before the entire message has been
received.

Communication steps: Throughout this paper, we adopt the
standard notion of steps used in prior work on collective algo-
rithms [18, 20, 59, 64, 65, 71]. A step denotes a communication phase
during which each GPU exchanges data with a predetermined set of
peers according to the collective algorithm. Communication within
a step may involve multi-hop forwarding through intermediate
GPUs, consistent with prior works [33, 65].

3.2 Example Walkthrough

We consider the Recursive Doubling [59, 64, 65] algorithm for
AllReduce, which completes in a logarithmic number of steps. For
a network with n nodes, Recursive Doubling proceeds in log, (n)
steps. In step i (starting from i =1), node j communicates with node
(j+2=1) mod n, so the communication distance doubles at each
step under a static topology.> We first illustrate Recursive Doubling
on a static one-dimensional interconnect, where a single ring topol-
ogy supports communication across all steps (Figures 2a, 2b, and 2c).
As the algorithm progresses, multiple communication pairs overlap
on shared links in later steps. In particular, congestion increases to
2in step 2 and to 4 in step 3. Higher congestion reduces the effective

3Throughout this paper, we follow the cyclic variant of Recursive Doubling [38], which
retains the same asymptotic properties as the pairwise-exchange formulation.
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Figure 2: Various configurations of topology and communication patterns during
Recursive Doubling AllReduce algorithm. Black lines indicate the physical topology,
and the red arrows indicate the communication between nodes.

Figure 4: GPUs with on-chip optical I/O (with one or more
transceivers) connect to a photonic interconnect that
establishes direct optical paths between them.

bandwidth available to each flow, increasing per-step transfer time
and, consequently, the overall collective completion time.

We can reconfigure the topology before step 2 to establish direct
optical paths between the GPUs that communicate in this step
(Figure 2d). At the final step, step 3, the interconnect faces a choice. It
can either remain in the same topology, which results in congestion
of 2 (Figure 2e), or reconfigure again to further reduce congestion
(Figure 2f). The resulting reconfiguration options highlight a
fundamental trade-off: reducing congestion comes at the cost of
incurring reconfiguration delay.

Congestion is not the only factor that increases completion
time. As communication distance grows, propagation delay also
increases, further amplifying the impact of static or poorly chosen
topologies (Figure 3). Birkhoff-von Neumann schedules (e.g.,
G1, G2, G3) that reconfigure before every communication step
eliminate congestion and achieve the lowest completion time
when reconfiguration delays are small. As reconfiguration delays
increase, static topologies become optimal, avoiding reconfiguration
overhead at the cost of higher congestion and longer paths. Between
these two extremes lies a broad design space in which carefully
chosen, reconfiguration-aware schedules outperform both static
interconnects and reconfigure-every-step baselines. Our goal is
to expose this spectrum and provide a systematic framework for
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Figure 3: Reconfiguration delay-aware
circuit switching schedules for Recur-
sive Doubling reveal the full design
spectrum between BVN and static
topologies. The black curve denotes
a lower bound on completion time
beyond which no reconfiguration sched-
ule can achieve further improvement.
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reasoning about when and how reconfiguration should be used to
minimize collective completion time.

3.3 Modeling Collective Completion Time

To reason about the impact of topology reconfigurations on
collective completion time, we revisit the classic a—f cost model
and extend it to explicitly account for network-level effects, such
as propagation delay, congestion, and reconfiguration delay. We
model a collective communication algorithm that runs across n
GPUs as a sequence of s communication steps. In each step i, the
collective exchanges a fixed amount of data, m;, between pairs of
GPUs. We use a communication matrix M; to represent this. An
entry M, (j,k) =1 indicates GPU j sends data to GPU k during step
i (all other entries are zero). We describe a collective algorithm in
this notation as a sequence (M, Ma,...,Ms) together with the data
volumes (my,ma,...,ms) associated with each step.

We use the aggregate demand matrix M to capture the total
communication across all steps, where each entry M(j,k) denotes
the total volume of data sent from GPU j to GPU k over the entire
collective. We sum the stepwise communication matrices weighted
by their corresponding data volumes to compute this matrix:

M=mi-Mi+my-Mo+...4+ms-Ms. (1)

Observation 1 (Relevance of BvN Decompositions). Collectives
that proceed via a sequence of matchings naturally induce a BN
decomposition of their aggregate demand matrix.

Point-to-point communication model: Most prior work designs
collective communication algorithms under the point-to-point
communication model [18, 59, 65, 71], where in each step every
node sends to and receives from at most one other node. As a
result, the communication matrix M; in each step is a permutation
matrix. Many well-known algorithms, including Ring, Recursive
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Doubling [59], and swing [65]%, follow this abstraction. Under
this model, Equation 1 corresponds to a Birkhoff-von Neumann
(BvN) decomposition of M From this perspective, the steps of the
collective algorithm correspond directly to the matchings in the
decomposition, where each m; represents the data volume the
algorithm transferred during step i.

The converse does not hold. Not every BvN decomposition
corresponds to a valid collective algorithm. BvN decompositions
fail to capture the temporal structure inherent in collective commu-
nication. In practical algorithms, the ordering of communication
steps matters, and we cannot arbitrarily rearrange steps. The data
exchanged in step i is often generated as a consequence of the
computation or communication performed in step i — 1, which
induces a strict sequence of dependencies.

One-to-many communication model: Recent work proposes
multi-port AllReduce algorithms [64, 65] to better utilize network
bandwidth when nodes are equipped with multiple links, such as
in multi-dimensional Torus networks [33]. Under this model, the
communication matrix M; is not necessarily a permutation matrix
and is often composed of multiple permutations, for example one per
dimension. We do not further decompose these matrices, and instead
focus on the dependencies between successive matrices M; and
Mi41. We assume that each port participates in at most one point-to-
point communication per step: the number of ports upper bounds the
sum of each row and column of each M;. Thus, we can still use Equa-
tion 1 to express the communication model with this generalization
All-to-All communication model: In many All-to-All implemen-
tations, multiple send and receive operations are grouped into a
single logical step. Here, we can represent the communication with
a single bulk demand, through an aggregate demand matrix. We can
use a BvN decomposition to decompose the aggregate matrix and
represent the communication via Equation 1 as a sequence of s point-
to-point steps. We sort the coefficients of the resulting decomposition
such that m; is the i*" largest coefficient, and M; the corresponding
point-to-point communication performed in the i*" step.

The matrix decompositions induced by collective algorithms,
as we show next, reveal a useful connection to both network
throughput and the classic a—f cost model.

Consider a graph G; = (V,E;), where V is the set of n GPUs and E;
represents the photoniclinks between them during step i of the collec-
tive. We can express the total completion time ¢, (1,s) of the collective
communication algorithm from step 1 through step s (inclusive) as:

tc(1,5)=DCT (m1- My, G1)+DCT (mz- Mz, G2)

S
+..+DCT (ms-Ms, Gs)+z o 1(Ei#Ei—1) ()
' reconfiguration delay

where DCT (m; - M;, G) denotes the demand completion time of
step i, corresponding to a data volume m; and communication
pattern M;, served by the underlying topology G;. Each step incurs
additional o, delay if the topology differs from the previous step,

representing a reconfiguration event.
DCT(m;-M;, G;) depends on the structure and capacity of the un-
derlying graph G;. We define the maximum concurrent flow 0(G;, M;)

4The Swing algorithm also admits a multi-port variant, which departs from the strict
point-to-point model and is captured by our one-to-many model.
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as the largest fraction of the communication matrix M;° the net-

work canroute simultaneously without exceeding any link capacities.

0(Gi,M;) is the achievable throughput for that step’s communica-

tion pattern. This implies we can write demand completion time as:
1

9(Gz,M )’

where c is the link capacity. Here, ! represents the ideal trans-

DCT(m;-M;, Gi) = 2 -

mission time assuming full throughput, while the factor m
accounts for congestion. By definition of the maximum concurrent
flow, the effective capacity available for this communication is
c-0(Gj,M;). Therefore, the actual transmission time scales inversely
with the achievable throughput.

Each communication step i incurs a fixed overhead «, which
captures startup latencies such as data preparation. In each step, we
also have to account for the latency of the longest route that went
through the most congested links in each step. Thislatency is given by
8-4i(G;), where § is the per-link propagation delay and ¢; (G;) is the
length of that longest path. The latency term is often neglected and
absorbed into the constant «. If the network offers capacity ¢ per node,

we define f= % We can write demand completion time for step-i as:
bandwidth
factor
1

DCT(miMi, Gi)=a+6-ti(Gi)+ f  mi——— (3)

L 1 1 1 L L Q(Gl,Ml)

latency factor —

congestion

factor

We can now express the total completion time of the collective for
all steps s as:

B-m

Q(Gl,M )+ar I(E; #Ei-1) (4)

te(1,s) = Z(ma 6(Gi)+

Observation 2 (Collective Completion Time as -/ Cost). The
classic a—f cost model emerges naturally when collective comple-
tion time is expressed in terms of network latency, bandwidth, prop-
agation delay, and congestion, where congestion is captured by the
inverse of maximum concurrent flow. This perspective grounds the
model in network throughput and exposes its dependence on both
the interconnect topology and the staged structure of the collective. )

While the a-f model is widely used in practice, network
throughput, propagation delay, and congestion are rarely made
explicit in its formulation. A few exceptions relate congestion to
communication distance or to the number of messages traversing
alink in structured topologies [18, 64, 65], but these approaches are
typically limited to specific communication patterns or architectures
and often assume unsplittable flows. TE-CCL [47] explored the
relationship between the a—f model and multi-commodity flow in
the context of collective algorithm synthesis by mapping collective
communication patterns to demand matrices and interpreting
the cost model through that formulation. In a similar vein, our
approach links the ¢—f model to network throughput via maximum
concurrent flow in optical interconnect configurations. As detailed
in Appendix C.3, this perspective generalizes prior demand-aware

SHere, we consider that M; is scaled proportionally to the node capacity.
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network formulations to yield a comprehensive performance model
accounting for communication structure, congestion, propagation
delay, and network topology. Crucially, our formulation applies
to arbitrary topologies, making these insights broadly applicable
beyond structured or hierarchical networks.

3.4 An Optimization Opportunity

For circuit-switched photonic interconnects, we observe that
collective communication time can be reduced by establishing direct,
high-bandwidth optical paths that eliminate congestion and exactly
match the communication pattern M; for each step i. However,
realizing these paths requires reconfiguring the interconnect, which
introduces a reconfiguration delay ;. This creates a clear trade-off:
dynamic reconfiguration eliminates congestion and maximizes
throughput at the expense of added latency, whereas a static
topology avoids the reconfiguration penalty but potentially suffers
from more network congestion.

This tension opens up an opportunity for optimization: given
a collective communication schedule, how should we schedule
interconnect reconfigurations to minimize the total completion time
for any given collective? An effective circuit switching schedule
must strike a balance, where we reconfigure only in steps when the
throughput gain outweighs the cost.
This paper focuses on the topology synthesis problem:

Input: We are given a predefined collective communication
algorithm i.e., a communication schedule. The schedule specifies,
the amount of data each source-destination pair exchanges in each
step of the collective. The input also includes topology constraints,
such as link bandwidth, node degree (number of links), and fixed
propagation latencies.

Output: The output is a topology reconfiguration schedule that
specifies a network topology for each communication step of the
collective. When the topology differs between consecutive steps
we incur a reconfiguration delay.

A related but orthogonal line of work studies the collective
synthesis problem, in which the input is a fixed topology and the
output is a communication schedule [16, 47, 66]. This setting is the
converse of the problem we solve.

4 HARVEST

At its core, topology synthesis consists of two tightly coupled
components. First, given a contiguous range of collective steps a
through b, we must decide how to reconfigure the interconnect i.e.,
find a static topology that minimizes the completion time of those
steps when no reconfiguration is allowed within the range. Second,
we must partition the full sequence of collective steps into such
ranges to determine when to reconfigure. This partitioning induces
arecurrence that jointly determines both the reconfiguration events
and the corresponding topologies.

4.1 Subproblem

Given a collective communication algorithm with s steps, where
each step i is characterized by a communication pattern M; and
data volume m;, our subproblem is to find an optimal topology G, ;,
that minimizes the completion time of steps a through b (inclusive),
without any reconfigurations during this interval.

Rahman et al.

b
Gap= i DCT(m; - M;, G 5
b argglelrgl; (mi-M;, G) ®)
b
te(ab)= > DCT(mi-M;, Gyy) (©)

i=a
Here, G denotes the set of all feasible topologies that satisfy the
per-node degree constraints, and #(a,b) denotes the completion
time for steps a through b. We use Equation 3 to compute the
demand completion time DCT (m;-M;, G, p).

We solve this subproblem using a Mixed-Integer Second-Order
Conic Program (MISOCP). We introduce integer decision variables
Xy, that denote the number of directed edges from node u to node
v. These variables are subject to degree constraints , x4 < d
and ), xy, < d, and ensure each node has degree at most d. The
objective is to minimize the total demand completion time for the
sequence of communication matrices (Mg,....Mp).

The constraints follow a standard maximum concurrent flow
formulation, with the key distinction that edge capacities are de-
cision variables rather than fixed inputs. The objective minimizes a
weighted sum of the reciprocals of the concurrent flow values across
steps (Equation 3). This yields a second-order conic optimization
problem with integer variables. Unlike a classical concurrent flow
formulation, the presence of sequential dependencies across steps
induces the conic structure. We present the complete formulation
in Appendix A.

4.2 Recurrence and Dynamic Programming

At a high level, our dynamic programming approach partitions
the collective communication algorithm’s steps into contiguous
intervals, separated by k reconfiguration events. Central to our
approach are three variables:

m DP[a][t] denotes the optimal completion time with ¢ reconfigu-
rations for the sequence of steps starting at a, until the end. We do
not include the reconfiguration delays at this point. Our dynamic
program takes a fixed number of reconfigurations as input, and
finds a corresponding optimal schedule. We later find the best
number of reconfigurations (§4.3).

m next[a][t] stores the next step after a at which a reconfiguration
occurs in the optimal schedule.

m topo[a][¢] stores the optimal topology for the steps a through
next|a][t].

Lemma 1 (Recurrence). For any starting step a€{1,...,s} and number
of reconfigurations k > 1, the optimal completion time is

DP[a][k]= min (t(a b-1)+DP[b][k-1]) 7)
a<b<s+l1
where tc(-,-) is the completion time for steps a—b, given by Eq 6.

Proor. We prove the claim by induction on the number of
reconfigurations k > 0. For the base case k=0, no reconfigurations
are allowed and the schedule consists of a single contiguous interval
covering steps a through s. The collective completion time is
therefore t.(a,s) by definition, and hence DP[a][0] =t.(a,s). Now
assume the claim holds for all numbers of reconfigurations ¢ < k
and for all starting steps. Fix k > 1 and a starting step a. Consider
any feasible schedule with exactly k reconfigurations over steps
a through s. Let b denote the step at which the first reconfiguration
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occurs, where a < b <s. This choice partitions the schedule into two
segments: steps a through b—1, executed without reconfiguration,
and steps b through s, executed with the remaining k—1 reconfig-
urations. The completion time of the first segment is t.(a,b—1). By
the inductive hypothesis, the minimum completion time achievable
for steps b through s with k — 1 reconfigurations is DP[b] [k — 1].
Therefore, the total completion time of any such schedule is at
least tc(a,b— 1) + DP[b] [k — 1]. Minimizing over all valid choices
of b yields the recurrence defining DP[a][k], which completes the
proof. Thus any b yields total cost t.(a,b — 1) + DP[b] [k — 1], and
minimizing over b gives Equation 7. o

The optimal schedule with exactly k reconfigurationsis DP[1] [k].
Algorithm 1 unrolls Equation 7 for DP[1][k] within a for loop.
At each partition, we record next[a][t], which then allows us to
reconstruct the optimal schedule.

4.3 Synthesizing Switching Schedules

Lemma 1 gives the optimal topology sequence for a fixed number of
reconfigurations k, excluding reconfiguration delays. It remains to
find the number of reconfigurations for which the reconfiguration
schedule minimizes the overall completion time, including reconfig-
uration delays. Taking the minimum over k=0,..., s and adding the re-
configuration delay k- @, corresponding to k reconfigurations, yields
the delay-aware schedule that minimizes overall completion time.

Theorem 1 (Optimality of the schedule). Fix the number of steps
s. For any k € {0,...,s}, the schedule reconstructed from next[-][-]
that attains DP[1][k] is optimal among all schedules with exactly
k reconfigurations. Moreover, argming.c 1o} (DP[1][k]+k o) is
optimal among all schedules that account for reconfiguration delay.

ProoF. ByLemma 1andinductiononk, DP[a][k] equals the opti-
mal completion time for steps a through s with exactly k reconfigura-
tions; in particular DP[1] [k] is optimal for the full instance, and next
reconstructs an optimal switching schedule. Since reconfiguration
delay is additive and depends only on k, minimizing DP[1] [k] +ka,
over k €{0,...,s} yields the delay-aware optimum. O

Overall, our framework captures the fundamental trade-off
between reconfiguration delay and congestion in adaptive photonic
interconnects. It provides a systematic way to synthesize circuit
switching schedules for collective communication, balancing
the benefits of reconfiguration against its costs. Notably, the
synthesis is aware of data volume in each step, reconfiguration
delay, propagation delay, and the underlying network throughput.

4.4 Discussion

Our synthesis framework combines a dynamic program over step
intervals with a topology optimization subproblem to compute the
optimal reconfiguration. The dynamic program has polynomial
complexity in the number of collective steps, while the dominant
computational cost arises from solving the topology subproblem via
a MISOCP. The overall complexity is O(s*-g), where s denotes the
number of communication steps and g captures the cost of solving
a single MISOCP instance.

In practice, the number of steps s is modest for many widely used
collective algorithms. For example, recursive doubling and Swing
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Algorithm 1: HARVEST

Input: Setup latency «, bandwidth
b, = %, propagation delay &, reconfiguration
delay a, sequence of steps and corresponding
data volumes (m1- My, ma- Mo, ..., mg-Ms).
Output: Reconfiguration schedule
1 Function CompletionTime(a,b):
2 Find G, p,
3 Find . (a, b)
4 | return (Ggp, tc(a, b))
5 To find the optimal
reconfigurations for a given number of reconfigurationsk.
6 Function SynthesizeSchedule(s,k):

> Equation 5
> Equation 6

7 Initialize DP[a][t] < oo, next[a] [t] « @,
topola][t] <@ forae{1,...s+2},t €{0,...k}
8 fora—1tosdo
9 ‘ DP[a][0] < CompletionTime(a,s)
10 fort—O0tokdo
1 | DP[s+1][k] <0
12 fort«—1tokdo
13 fora«—1tosdo
14 best «— co; arg «— @; graph « @
15 forb—a+1tos+1do
16 (G,v) «CompletionTime(a,b—
1)+DP[b][t—1] > Recurrence (Lemma 1)
17 if v <best then
18 ‘ best «u; arg < b; graph —G
19 DP[a][t] < best; next[a][t] «arg;
20 topo[a][t] «—graph
21 r—|[lia—1t—k
22 while ¢ >0 do
23 b« next[a][t];if b= then break
24 G «topo[a][t]
25 if b <sthen
26 ‘ append (G,b) tor
27 a—bjt—t-1
28 return (DP[1][k].r)
> Completion time w/o reconfiguration delays, schedule

29 To find the optimal

reconfigurations across all number of reconfigurations k.
30 bestCost «— oco; bestR «— [ ]
31 fork«—0tosdo
32 (C,R) «SynthesizeSchedule(s,k)

> Schedule with exactly k reconfigurations

33 C—C+k-ay
34 if C <bestCost then
35 ‘ bestCost < C; bestR «<—R

36 return bestR > Optimal schedule (Theorem 1)

have s = O(log, n) steps. We can synthesize the schedule offline
and cache it to avoid computations at runtime when messages
arrive. As a result, the synthesis cost does not lie on the critical
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path of collective execution. We discuss the practical aspects of the
computation cost in §6.

The primary scalability challenge lies in the topology optimiza-
tion subproblem. We can solve our MISOCP for interconnect sizes of
up to 64 GPUS, but we need to reduce the effective topology search
space further to scale to larger interconnects. This observation moti-
vates us to exploit the structure in collective communication patterns
and to restrict our attention to a small set of candidate topologies
that are likely to be optimal over contiguous intervals of steps.

It is interesting to understand the precise conditions under which
restricted topology classes suffice for arbitrary collectives in future
work. In the next section, we address the following questions, which
guide the design of practical synthesis algorithms that balance
optimality and efficiency:

(01) To what extent can we reduce the topology search space without
compromising optimality?

(Q2) Can we synthesize optimal schedules within polynomial-time
complexity in the number of nodes?

5 Optimal Photonic Switching
Schedules for Recursive Doubling AllReduce

Building on our observations in §3 and the synthesis technique
in §4, our goal is to efficiently synthesize an optimal schedule. Our
design centers on the Recursive Doubling algorithm for AllReduce.
We make two new observations about Recursive Doubling that, as
we later show in this section, enable synthesis of schedules within
polylogarithmic-time complexity.

5.1 Observations on Recursive Doubling

We make two simple yet powerful observations about the Recursive
Doubling algorithm, which directly guide the synthesis. We
consider the cyclic version of Recursive Doubling [38] that retains
the same properties as the pairwise exchange version. A node u
communicates with node u+ 2!, and transmits 2—”,1 chunk size in
step i, during the Reduce-Scatter phase. The communication pattern
reverses in the AllGather phase.

We first check if we need additional reconfigurations to preserve
reachability when we establish direct links based on the commu-
nication step i. This, in turn, helps find topologies that can serve
multiple steps without frequent reconfiguration.

Observation 3 (Connectivity). The topology that establishes
direct links between GPUs according to the communication pattern
of step i also preserves connectivity for all subsequent steps j > i
in Recursive Doubling.

In Recursive Doubling, step i requires each node a to commu-
nicate with a+2/~1 (with steps indexed from 1). Establishing these
direct links does not break connectivity for any later step j > i.
In step j, node a must communicate with a + 2771 which lies at
distance 2/~ in this topology. This is because a connects to a+1,
which in turn connects through a chain of nodes a+2,a+4,..,a+2/71,
which ensures connectivity. The proof follows.

Next, we aim to find a single topology that minimizes the
completion time for any sequence of steps a through b in Recursive

Rahman et al.

Doubling. This enables us to restrict the search space to a specific
class of topologies.

Observation 4 (Optimal Topology). For any interval of steps
a through b in Recursive Doubling, the topology that minimizes
completion time is the one that establishes direct links between
GPUs according to the communication pattern of step a.

We can characterize the interval of steps a through b as: in step a,
each node u communicates with u+2%"! (with steps indexed from
1). The sequence of minimum path lengths for steps a through b is
(1,,..,2b’“). Likewise, the minimum congestion we incur is at least
(1,...,2=9) which corresponds to each step from a through b. The
topology that establishes direct connections according to step a’s
communication pattern, i.e., a direct link between u and u + 2e-1
achieves exactly this minimum sum of path lengths and congestion.
Specifically, for step a, the communication distance is reduced to 1.
For step a+1, node u communicates with u+2¢, which is at distance
2: in our chosen topology, u connects to u + 2%~ !, which in turn
connects to u+2%71+2471 =y +2%. The proof follows for both path
lengths and congestion.

We can now express the completion time of steps a—b where the
communication pattern matches that of step a as:

b
te(a,b)= > DCT(m;-Mj, Gap)

i=a
b b 1 .
=a~(b—a+l)+5~221_“+ﬂ'm-zE'2’_“
1=a 1=a
_ b—a+1
=a-(b-a+1)+5-(z<” “+1>-1)+/3-m. - ®)

Observation 3 shows certain topologies can preserve connec-
tivity without further reconfiguration. This removes forward
dependencies in reconfiguration decisions. Observation 4 finds
the optimal topology for any range of steps a through b in O(1)
time, without additional work. Together, they hugely simplify the
topology search space to just O(1), leaving the key question: when
should we reconfigure?

Building on Observations 3 and 4, we synthesize optimal
schedules for Recursive Doubling using the dynamic programming
approach we described in §4 (Algorithm 1). In particular, the
function CompletionTime(a,b) simplifies i.e., finding G, is
O(1). The rest of the procedure remains the same as earlier: (i)
the function SynthesizeSchedule(s, k) synthesizes the optimal
schedule corresponding to a given k number of reconfigurations;
(ii) we iterate from 0 to s = log, (n) number of reconfigurations,
synthesize the schedule for each, and return the best global schedule.
Given the logarithmic number of steps in Recursive Doubling
AllReduce, synthesizing optimal switching schedules reduces to
polylogarithmic complexity of O((logn)?).

Our observations are not limited to Recursive Doubling and
extend to other collectives:

m Hypercube All-to-All

m Bruck’s AllGather, Reduce-Scatter, and AllReduce
m Bruck’s All-to-All

m Binomial tree Broadcast
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Figure 5: [Simulations] We show HARVEST speeds up collective completion time compared to BvN-based schedules and static
topologies with link bandwidth=800Gbps, «=500ns, and §=500ns. Best denotes the best out of static and BvN

m Trivance [35]
m A class of algorithms with a constant distance multiplier
across successive steps (Appendix B)

We present formal proofs for each of these algorithms in Appendix B.
We believe similar reductions are possible for other collectives and
leave this as an interesting direction for future work.

6 Evaluation

We evaluate the schedules HARVEST synthesizes and their com-
pletion time across several collective communication algorithms.
We compare their performance against BvN schedules and static
topologies. Our evaluation spans simulation, hardware emulation,
and numerical optimization, capturing both performance and
system-level effects.

6.1 Setup

Network: We consider networks with 8 to 64 GPUs, representative
of typical scale-up domains. Each GPU has d ports, where d ranges
from 2 (e.g., a 1-D ring) to 6 (e.g., a 3-D torus). Unless stated
otherwise, we set the per-port bandwidth to 800Gbps for simulations
and 100Gbps for our hardware emulation experiments. We vary
the setup latency a, link propagation delay §, and the interconnect
reconfiguration delay a; over a wide range, from 10ns (e.g., tunable
lasers [9]) to 10ms (e.g., 3-D MEMS [55]). This range captures
diverse photonic switching technologies and allows us to identify
regimes in which reconfiguration is beneficial.

Baselines: We compare HARVEST against two representative
baselines: (i) a static topology that remains fixed throughout the
collective and (ii) BvN schedules that reconfigure the topology at
every communication step to directly connect the communicating
GPU pairs [7, 63]. For static topologies, we consider rings, 2D and
3D tori, and generalized Kautz graphs [80]. Together, these baselines

capture the two extremes of the design space: interconnects that
never reconfigure, and those that reconfigure at every step.

Collective algorithms: The input to HARVEST and other baselines
is the workload which consists of standard collective algorithms. For
AllReduce, we evaluate Recursive Doubling [59], Swing [65] (which
is equivalent to Bine Butterfly [20] in terms of communication
pattern), and Bruck’s concatenation algorithm [15]. For All-to-All,
we evaluate the total exchange or transpose operation (direct
All-to-All) as well as Bruck’s All-to-All (index) algorithm [15]. For
broadcast, we evaluate the binomial tree and binary tree algorithms.

Simulations: We perform packet-level simulations using
Astra-Sim [62, 77], which we extend to support circuit-switched
interconnects. The simulator now accepts a topology reconfigura-
tion schedule as input and dynamically reconfigures the topology
according to it during collective operations.

Hardware emulation: We would need specialized hardware to
directly validate HARVEST across a broad range of photonic switch-
ing technologies that have varying reconfiguration delays — this is
costly. Instead, we emulate a reconfigurable photonic interconnect
on an 8-GPU testbed. The GPUs are connected in a ring topology
via 8 BlueField-3 NICs equipped with 100Gbps optical transceivers.
GPU-NIC communication uses GPUDirect RDMA over PCle, and
we ensure that the available PCle bandwidth exceeds the NIC I/O
bandwidth to eliminate PCle bottlenecks. We implement NIC-NIC
communication and routing via the BlueField-3 eSwitch, with flow
steering offloaded to hardware.

We use NCCL to execute collective operations step by step,
and measure the runtime of each step until a reconfiguration is
required. At that point, we pause execution, update the interconnect
configuration, and resume the remaining steps. We compute the
total completion time as the sum of the step-wise runtimes plus
a fixed physical reconfiguration penalty. This methodology is
practical, cost-effective, and yields representative results.
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Figure 6: [Hardware emulation] Heatmaps showing the speedup in collective completion time achieved by HARVEST relative
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Figure 7: [Hardware emulation] Correlation between the o-f
cost and measured completion times across different message
sizes for one-hop communication.

Numerical evaluation: We implement the synthesis component
of HARVEST in C++ and use Gurobi to solve the subproblems in each
dynamic program. We describe the optimization formulation in more
detail in § A. For a range of network sizes and topologies, primarily
multi-dimensional topologies, we synthesize reconfiguration
schedules and report the corresponding collective completion times
produced by the optimization. Moreover, we compare the trends
in the synthesized schedules with the results obtained from our
test-bed experiments.
Due to space constraints, additional results appear in § D.

6.2 Results

When does HARVEST outperform static topologies?

We observe HARVEST consistently outperforms static topologies
when reconfiguration delay is low (Figures 5a, 5b, and 5c). We use
packet-level simulations and a one-dimensional topology. HARVEST
speeds up Recursive Doubling by 6.4X, Swing by 4.7x, and All-to-All
by 20x for small message (1 —256KB) and reconfiguration delays
< 1ps. This is because HARVEST reconfigures the topology to shorten
the long-distance steps which in turn reduces both congestion and
propagation delays (these dominate small transfers).

Asreconfiguration delays increase, the benefits of reconfiguration
diminish for smaller message sizes, where HARVEST naturally falls
back to static schedules. In contrast, for larger messages the gains
from reconfiguration persist even at higher delays. For example,
with a 1GB message size, HARVEST achieves up to 3.0X speedup
over Recursive Doubling, 3.1 over Swing, and up to 30X over direct
All-to-All, even with a 10us reconfiguration delay. These results
show that HARVEST effectively balances reconfiguration overheads

against congestion costs, selectively reconfiguring only when the
performance benefits outweigh the overhead.

When does HARVEST outperform BvN-based schedules?

Even though it is useful to reconfigure the topology, if we do so in
each step we may inflate the completion time (when reconfiguration
delays are non-negligible). HARVEST consistently outperforms
BvN-based schedules at higher reconfiguration delays (Figures 5e, 5f,
and 5g).

The performance gap is most pronounced for small message sizes,
where HARVEST strategically limits the number of reconfigurations
to reduce overhead. For instance, with a 100us reconfiguration delay
and message sizes between 1KB and 256KB, HARVEST achieves on
average around 7.3X speedup over BvN schedules for Recursive
Doubling, 10x for Swing, and 5.3X for personalized All-to-All. As
message sizes increase, the benefits of reconfiguration become
more pronounced, and HARVEST adapts toward BvN-like schedules.
Notably, even at moderate reconfiguration delays between 10us
and 100us, HARVEST outperforms BvN schedules by up to 3.0x
for 4MB messages with Recursive Doubling, and up to 4.8X with
personalized All-to-All

Overall, these results highlight the importance of carefully
balancing the benefits of reconfiguration against its costs, rather
than reconfiguring indiscriminately at every step.

When does HARVEST outperform other schedules?

The natural trade-off between reconfiguration delay and con-
gestion means there is an intermediate regime in which HARVEST
outperforms both static and BvN schedules. HARVEST achieves the
best performance in a transitional regime where it selectively recon-
figures only a subset of communication steps (Figures 5d and 5h).
For example, in personalized All-to-All (Figure 5d), HARVEST out-
performs both static and BvN schedules for message sizes up to
16MB when reconfiguration delays is in [10,100] us. For larger recon-
figuration delays, this regime moves towards larger messages. We
observe a similar trend for Recursive Doubling. These results high-
light the optimal strategy is neither to avoid reconfiguration entirely
nor to reconfigure at every step, but to carefully choose a subset of
reconfigurations that balances their benefits against their costs.

Does hardware reflect the performance trends revealed by
our synthesis framework and cost model?
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We validate the performance trends our synthesis framework
predicts with hardware emulations. The results closely match those
we saw in simulations (Figures 6a, 6b, and 6c). Figure 6a reports
the completion-time ratio between BvN schedules and HARVEST
for Recursive Doubling — it confirms HARVEST outperforms BvN
schedules when reconfiguration delays are high. HARVEST also
outperforms a static ring (Figure 6b) topology across a wide range
of the space (3% speedup). We also show there exists a transitional
regime in which HARVEST outperforms both (Figure 6c¢).

We parameterize our cost model based on measurements from
the testbed to further validate our results. We first estimate the a—f
parameters: we measure the single-hop GPU-to-GPU communica-
tion as a function of message size (Figure 7). We find & =30.32ps and
B =85.11Gbps. We then run our synthesizer to compute the com-
pletion time it estimates across message sizes and reconfiguration
delays. We find the transitional regime and performance trends; as
well as the speedup values closely match hardware (Figure 6c).

B Ports =1
s Ports = 2

Static / Harvest

Figure 8: [Numerical optimization] All-to-All with HARVEST
compared to static low-diameter topology with optimal flow
schedule [15, 80].

Is HARVEST multi-port, multi-dimension compatible?

We compare Swing (2-D and 3-D torus topologies) with static, BvN
and HARVEST schedules (Figure 14). We consider a multidimensional
extension of Swing with mirroring, which exploits all available ports
simultaneously to maximize link utilization. Numerical evaluations
using our synthesizer reveal trends that are consistent with those
observed in one-dimensional simulations and hardware emulation.
Across a range of 2-D and 3-D torus configurations with 64 GPUs,
HARVEST consistently outperforms all schedules. The regimes
in which HARVEST provides the largest gains are dictated by the
trade-off between reconfiguration delay and congestion overhead
as a function of message size. We observe similar trends for other
multi-port collectives, including Bruck’s index and concatenation
algorithms, as well as Binomial Tree and Binary Tree broadcast (Fig-
ure 15). All-to-All communication in multi-port settings is different
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(Figure 8): the performance advantage over static topologies dimin-
ishes as the number of ports increases. This is expected, since All-to-
All communication benefits from low average shortest-path lengths,
which decrease significantly as the topology degree increases and
the network diameter shrinks, reducing the need for reconfiguration.

When does HARVEST outperform Ring collectives?

Naturally, for ring-based collectives, Observation 3 implies that
the topology matching the communication pattern of any step i,
which is a ring, preserves connectivity for all subsequent steps. Like-
wise, Observation 4 implies that the optimal topology for any range of
steps a through b remains a ring. Consequently, the optimal schedule
for ring algorithms is a static ring topology with no further reconfigu-
rations. The tradeoffis that ring algorithms require alarger number of
communication steps, resulting in a higher latency cost (), whereas
algorithms such as Recursive Doubling and Bruck’s communication
patterns complete in fewer steps at the cost of higher congestion (%)
and potentially additional reconfiguration overhead (o).

Figure 9a (hardware emulation) compares the performance of
Ring and Recursive Doubling (RD) AllGather algorithm executed
on a static ring topology against RD AllGather executed using the
optimal schedule synthesized by HARVEST. The physical topology
is a ring (unless reconfigured) and running a ring algorithm incurs
no bandwidth sharing. Our observations reveal that ring algorithm
performs favorably against RD with HARVEST when reconfiguration
costs dominate and when the message size is small, whereas RD with
HARVEST benefits from substantially fewer communication steps
when reconfiguration overhead is sufficiently small. While results
are discussed in more detail in Appendix C.2, the takeway is that the
emulation trend shows the fundamental tradeoff between commu-
nication steps, congestion, and topology reconfiguration overhead.

Figure 9b shows our simulation results comparing Recursive Dou-
bling (RD) with HARVEST schedules, the ring algorithm on a static
ring topology, and RD on a static ring topology. As an example, we
consider n=64 nodes, setup latency @ =500ns, propagation delay d =
50ns (e.g., in a scaleup domain), each GPU equipped with one link of

5 All heatmaps (except Figure 9) use whitespace to indicate a speedup of exactly 1x.
The representation in Figure 9 differs because it compares two different collective
algorithms, namely Ring and Recursive Doubling with HARVEST-derived topology
schedules. When optimizing the ring algorithm, HARVEST correctly identifies the
static ring topology as optimal. Consequently, no additional speedup is obtained from
topology reconfiguration, and the Ring algorithm remains at exactly 1X across the
entire spectrum. We omit this plot for brevity.
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bandwidth b=800Gbps. Figure 16, 17 in Appendix D show our results
for =500ns, § =500ns, and a =10pus, § =500ns. Our simulation fur-
ther support the trend already established by the emulation results.

For small message sizes (16KB-256KB), RD with HARVEST’s
schedule consistently outperforms the best static baseline at low
reconfiguration delays. The advantage reaches up to 2.95x for
a 256KB message at a 10ns delay, while 16KB, 64KB, and 256KB
messages maintain gains of 1.66xX-2.95x for delays up to 1us.
Notably, HARVEST either outperforms or matches performance of
the best of the static baselines for such small messages even for
reconfiguration delays upto 10ms.

For medium message sizes (IMB-64MB), HARVEST continues
to provide benefits at low reconfiguration delays, achieving up to
a 3.07x speedup for 1IMB messages at 10ns. However, the gains
decrease steadily as delay increases.

As message sizes increase further (256MB-4GB), Ring shows
overall better performance while for delays up to 10us, RD with
HARVEST’s schedule generally matches the performance of the best
static baseline.

The results highlight the tradeoff between reconfiguration
overhead and communication cost, and the benefits of topology
reconfiguration for algorithms with fewer communication steps
such as Recursive Doubling. At the same time, the example also
highlights the potential for topology reconfigurations to outperform
both Ring as well as Recursive Doubling on static topologies.

Rahman et al.

Is HARVEST practical?

While we do not focus on a full system implementation in this
paper, we quantify the practical compute and synchronization over-
head introduced by HARVEST. Figure 10 reports the time required to
solve the dynamic program for Recursive Doubling across a range of
network sizes. For typical scale-up deployments of up to 64 GPUs, the
solver completes within 20yus. Even for larger configurations of up to
1024 nodes, the average runtime remains under 35us. These sched-
ules can also be computed and cached for future use. Furthermore,
Figure 11 shows the synchronization overhead measured among
GPUs accessing an array in a shared memory space. Each GPU is pro-
grammed to flip abitatitsassigned index in the array and we measure
the time it takes for all GPUS to complete this operation. To emulate
larger systems, we increase the size of the array and initialize mul-
tiple threads on remote GPUs that each flip corresponding entries in
the shared array. For an 8 GPU network, the average synchronization
latency is approximately 4p:s while a 256 one shows under 45ys.

Our results indicate that both the compute and synchronization
overheads of the synthesis framework are modest relative to the
performance gains it enables. These overheads are not fundamen-
tal — we can reduce them further through targeted hardware support
e.g., through on-chip schedule synthesis, system-level optimizations
where we overlap reconfiguration with computation when the step-
wise communication is known a priori. We discuss the limitations,
open questions, and future research directions in Appendix C.4.

7 Related Work

We briefly discuss the significant research efforts in the past in
improving collective communication performance.

Topology-aware collectives: A substantial body of work
designs collective algorithms specialized for fixed network
topologies [16, 47, 66]. Algorithms such as Bruck [15], Sack and
Gropp [64], Swing [65], and BineTrees [20] optimize communication
for multiported static interconnects. Bruck’s algorithm further
generalizes AllReduce to log;(n) steps for d-port networks, but
does not model network congestion. More broadly, collective
synthesis approaches [16, 47, 66, 80] assume a static topology
throughout execution. In contrast, our work focuses on topology
synthesis, enabling dynamic reconfiguration during a collective
while explicitly balancing reconfiguration delay and congestion.
Reconfiguration-aware circuit-switching: Reconfigurable
circuit-switched network topologies have been widely studied in dat-
acenter settings [2, 3, 5, 6, 8, 9, 13, 22, 26, 30, 39, 44-46, 49, 50, 52, 56].
Early systems often assumed negligible reconfiguration de-
lays [9, 50], while later work incorporated reconfiguration cost
into optimization objectives [13, 44, 46]. Many of these approaches
operate over discrete topology choices and model reconfiguration
as a switching cost [13, 46], which limits their ability to capture
congestion and routing flexibility. Opera [48] allows multi-hop
forwarding within a topology but does not adapt to reconfiguration
delays. Our approach bridges reconfiguration cost and network
throughput via maximum concurrent flow, enabling multi-hop
routing while explicitly accounting for reconfiguration delay.
Circuit-switching for collectives: Recent work has explored
reconfigurable interconnects tailored to collective communica-
tion [7, 40]. Chronos [63] preschedules circuits using step-wise
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collective structure, but does not explicitly consider reconfiguration
delays. Actina [78] supports dynamic reconfiguration for ML work-
loads, but the topology remains static within collective execution.
More recent efforts have explored in-collective reconfiguration
frameworks. For example, Hammer et al. leverage circuit switching
to “short-circuit” rings and accelerate recursive doubling via a
threshold-based reconfiguration algorithm [31]. PCCL [41], a recent
work, also studies dynamic reconfiguration through an optimization-
based framework based on shortest paths. In contrast, HARVEST’s
cost model builds on our prior work [1] and is grounded directly in
the maximum concurrent flow objective. It captures the full routing
flexibility of the network and supports both splittable and unsplit-
table flows, rather than restricting routing to a single shortest path.
Instead of encoding reconfigurations via integer bitmap variables for
each collective step and topology choice, we synthesize the optimal
schedule for a fixed number of reconfigurations using dynamic pro-
gramming, and then select the reconfiguration count that minimizes
total cost. We show that this formulation yields globally optimal
reconfiguration schedules. Moreover, our formulation exposes an
optimal schedule analytically without invoking a solver for various
algorithms including, Bruck’s, Hypercube, Binomial, and Trivance.
High-throughput topologies: Datacenter network topologies
have been extensively studied [4, 11, 27, 70, 74, 79]. Clos-based
networks achieve full throughput at high cost [4, 24, 58].
Expander-based topologies reduce hardware cost but sacrifice
throughput [51, 74]. Torus-based networks align well with modern
parallel workloads despite low bisection bandwidth [33, 82], but
can incur substantial congestion. Our work targets such scale-up
domains, where adaptive reconfiguration can reduce congestion
and improve collective performance.

8 Conclusion

HARVEST is a systematic approach that optimizes reconfigurable
topologies for collective communication. It explicitly balances
propagation delay, congestion, and reconfiguration overhead.
HARVEST synthesizes reconfiguration schedules. We show it
is general and finds provably optimal schedules for Recursive
Doubling AllReduce. Our schedules significantly reduce collective
completion time. We show the benefits of reconfiguration depend
critically on when and how we apply it.

Our framework opens several directions for future work which
include joint synthesis of collective communication and intercon-
nect topologies. This work lays the foundation for adaptive photonic
scale-up domains where collectives and topologies co-evolve.
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A MISOCP Formulation for the Subproblem

We formulate a Mixed-Integer Second-Order Conic Program
(MISOCP) to compute the optimal topology G, ; that minimizes
the completion time of steps a through b without reconfiguration.
Recall that this minimization objective is our subproblem in the
schedule synthesis §4.1.

Variables:
® Xy €Zx>o: number of directed links from node u to node v.
. fs(;) (u,0) > 0: flow routed on directed edge (u,v) for demand
(s,t) in step i.
e T; >0: transmission time of step i.
o 0; >0: throughput scaling factor for step i.

Parameters:
e d: maximum in-degree and out-degree per node.
e c: capacity of a single directed edge.
. Ds(’it) =m;-M;(s,t): demand from node s to ¢ in step i.
e f:inverse of the link bandwidth.

Our goal is to minimize the sum of transmission times T; for the
sequence of steps a through b i.e., minimizing the total transmission
time for these steps together.

Objective:

b
min ZT,' 9)
i=a

Edges in the topology are binary variables in our formulation.
To capture the maximum number of links available at each node,
we impose node degree constraints as follows.

Degree constraints:

qu,u <d YueV (10)
veV
qu,z,sd YoeV (11)
ueVv

The rest of the formulation follows standard maximum concur-

rent flow formulation. In particular, we consider flow variables
fsfti) (u,v) sent on edge (u,v), corresponding to the demand between
(s, t) in step i. To satisfy flow conservation, we incorporate the

following constraints at source, destination, and intermediate nodes.

Flow conservation for each step:

9i~DS(’it), u=s
DY wo) -3 £ ww=1-6;-D0), u=t Vs tu
o o 0, otherwise
(12)

Further, the total flow between (u,0) must satisfy the available
capacity between the two nodes given by c-xy, 5, where x;, 5 is the
variable indicating the number of edges between u,v.

Rahman et al.

Edge capacity constraints:
Zfs(;) (u) <cxyy Vi (u) (13)
st
Finally, since our objective is to minimize transmission time, we
express the following constraint as an inequality.
Transmission time:

@ 0;>0,;>0 Vi (14)

1

T; >

The transmission time for step i is exactly % However, writing
this as an inequality does not relax the solution: the constraint is
tight at optimality, since any strictly larger value of T; would increase
the objective.
The above constraint is equivalent to the bilinear constraint
0;-T; > fm;, Vi. (15)

Constraint (15) admits a second-order conic representation. In
particular, it is equivalent to the following second-order cone (SOC)

constraint:
2+/pm;
0i-Ti

fs(;) (u,0) =0
Xup€Z>0
0;€(0,1]
TieR>o

< 0;+T;, Vi (16)

2
Variable type:

The solution to this formulation yields the optimal topology G, p,
which is constructed from the decision variables x;, , indicating the
number of directed edges between every node pairs. The formulation
also returns the per-step completion times T;, and the total comple-
tion time Zibz o Ti> which are used by the outer dynamic program.

We restrict the search space in our evaluations to a collection
of topologies: (i) shifted rings, (ii) an expander, (iii) shifted torus
topologies (by relabeling the nodes), and the synthesizer selects
the best topology for each step of the collective. This restriction
converts the MISOCP into SOCP without integer variables for
finding optimal topologies.

B Switching Schedules for Other Collectives

Our Observations in §5 not only hold for Recursive Doubling, but
also apply directly to a class of algorithms where the communication
pattern is cyclic in nature, and the communication distance
progresses geometrically across steps. In this section, we show that
our observations hold for Hypercube All-to-All, Bruck’s (radix r)
AllGather, Reduce-Scatter, All-to-All, and Binomial Tree Broadcast.
For completeness, we describe the algorithms and prove that the
observations hold.

B.1 Hypercube All-to-All (Cyclic)

The initial state of All-to-All is a permutation of blocks across nodes,
where each node u holds blocks (u,0) for all v. The goal is to route
each block (u,0) to node v.

We assume the number of nodes is n=2%. For each step i=0,1,...,s—1:
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e Node u sends to node u+2¢ (mod n). Step 1 - distance 2 communication:
o Block (u,0) moves in step i if and only if bit i of (v—u) mod n

is 1.
After s=log,n steps, every block reaches its destination. The crucial

difference from cyclic Recursive Doubling for AllGather operation

Step:s=1
is that the data size in every step is now .

Distance: 2! =2
Pattern: i —i+2

We define the forward cyclic distance from source u to destination v as P )
Send if: bit 1 of Ais 1

A(u,0)=(v—u) mod n. Data: 3
This quantity represents the number of positions a block must
advance around the cycle in order to reach its destination.
Let A(u,0) = Zf;ol bi(u,v)2*, where b; (u,0) € {0,1} denotes the i-th
bit in the binary representation of A(u,v). Equivalently, b;(u,0) =
{%J mod 2. Ablock (u,0) movesinstep i ifand only if b; (u,0) =1. u—u+2 (mod 8)
. Node ‘ Blocks sent in step 1
For completeness, we now prove the correctness of the cyclic o T 02067276
version of Hypercube All-to-All (originally pairwise). Consider an ; ‘1)(3) ‘I)Z ;g ;71
arbitrary block (u,0). Initially, it is located at node u. At step i, the 3 21253135
block advances by distance 2! if and only if b; (u,0) = 1. Therefore, ‘5* fé zg ‘;g ‘;3
the total distance traversed by the block is 6 | 50546064
7 | 61657175
s—1 Node | Blocks held after step 1
j 0 00 04 50 54 60 64 70 74
Zbi(u,U)ZIZA(u,U):(U—u) mod n. 1 0105111561657175
i=0 2 02061216 22267276
. . 3 03071317 2327 3337
The final location of the block is 4 101420 24 30 34 40 44
5 2125313541455155
u+A(up)=u+(v—u)=v (mod n). 6 | 3236424652566266
7 43 4753 576367 7377
Every block reaches its intended destination, i.e., a block (u, v) Step 2 - distance 4 communication
originating at node u eventually reaches node v, satisfying the final
state of an all-to-all operation. In the following, we show an example
of Hypercube All-to-All with 8 nodes.
Step 0 - distance 1 communication:
Step:s=2

Distance: 2> =4
Pattern: i —i+4
Send if: bit 2 of Ais 1

N

Data:
Step:s=0
Distance: 2°=1
Pattern: i —i+1
Send if: bit 0 of A is 1
Data: %
/G) u—u+4 (mod 8)
Node | Blocks sent in step 2
0 04546474
1 05156575
2 0616 26 76
3 07172737
u—u+l (mod 8) 4 | 10203040
; 5 21314151
Nc())de ‘ Eio()cé(;;;};t in step 0 6 32425262
1 10121416 7 43536373
2 21232527 Node ‘ Final blocks after step 2
3 30323436 0 00 10 20 30 40 50 60 70
4 41434547 1 0111213141516171
5 50525456 2 0212223242526272
6 61636567 3 0313233343536373
7 70727476 4 041424344454 64 74
Node | Blocks held after step 0 2 g: 12 22 z: :2 ZZ 265; ;Z
0 0002040670 72 74 76 7 0717 273747576777
1 01030507 11131517
2 1012 14 16 20 22 24 26 At this step, every node v now contains all blocks (u,0) destined
3 21232527 31333537 t
4 30323436 40 42 44 46 00.
5 | 4143454751535557 Next, we prove that Observation 3, 4 also hold for Hypercube
6 50 52 54 56 60 62 64 66
7 6163656771737577 All-to-All
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PROOF OF OBSERVATION 3 FOR HYPERCUBE ALL-TO-ALL. The
communication pattern of Hypercube All-to-All is identical to
Recursive Doubling for AllGather, except the data size in each step,
each node u communicates with node u + 2/~ in step i (indexed
from 1). The proof follows from the same argument as in the proof
of Observation 3 for Recursive Doubling. O

PROOF OF OBSERVATION 4 FOR HYPERCUBE ALL-TO-ALL. Similar
to the case of Recursive Doubling, we characterize the interval of
steps a through b as: in step a, each node u communicates with
u+2%"1 (with steps indexed from 1). The sequence of minimum path
lengths for steps a through b is (1,...,2°~9). Likewise, the minimum
congestion we incur is at least (1,...,2b ~4), which corresponds to each
step from a through b. The topology that establishes direct connec-
tions according to step a’s communication pattern, i.e., a direct link
between u and u+2%~1, achieves exactly the minimum path lengths
and congestion for every step a through b. Specifically, for step a, the
communication distance is reduced to 1. For step a+1, node u commu-
nicates with u+2¢, which is at distance 2: in our chosen topology, u
connectstou+2%"1, which in turn connects tou+2%"1429=1 =429,
The proof follows for both path lengths and congestion.

We can now express the completion time of steps a—b where the
communication pattern matches that of step a as:

b
te(a,b)= ) DCT(m;- Mi, Ggy)

i=a

b b
= . —_— . 1—a . . —_ 1—a
=a-(b—a+1)+8 Zz +B-m Zz 2

1=a 1=a

b—a+1_1

=a-(b—a+1)+5-(z”’—“+1>—1)+ﬁ~m.T 17)

[}

B.2 Bruck’s AllGather/Reduce-Scatter

Bruck’s AllGather [15] operates on a cyclic communication pattern
and the general case is expressed in radix-r form. We next consider
Bruck’s concatenation (AllGather) algorithm and show that our
observations also hold in this setting. Since Bruck’s Reduce-Scatter
follows the reverse communication pattern of Bruck’s AllGather,
the same analysis applies. We briefly describe the algorithm for
completeness.

The initial state before AllGather consists of n=r° nodes labeled
0,..,n—1, where node u initially holds block uu. Bruck’s AllGather
begins with an initial cyclic shift so that node u holds data beginning
at index u. This rearrangement allows subsequent communication
steps to follow a regular cyclic pattern. The algorithm then proceeds
in s=log,n communication steps. At step i=0,1,...,s—1, each node u
communicates with the nodes, u+ jr! (mod n), where j=1,...r—1.

The local data is partitioned into r contiguous groups of size
r!. One group is retained locally, while the remaining r —1 groups
are transmitted to the corresponding neighbors. Thus, step i
communicates along offsets of size r’, progressively resolving one
additional radix-r digit of the final block placement. After step i,
the lowest i+1 radix-r digits of the final block positions are correct.
Consequently, after all s = log, n steps, every node contains all n
blocks. Finally, an inverse cyclic shift is performed to restore the
original ordering of blocks.
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The algorithm completes in log, n steps, where r is the radix
parameter. The choice of r determines the multicative factor for the
distance of communication in each step. In the following, we show
an example of Bruck’s AllGather with 9 nodes and radix r=3.

Step 0,r=3:

Offset: 1
Neighbors: 2
Data: 2 blocks of size

Offset: 3
Neighbors: 2
Data: 6 blocks of size §

'S
z
o

de ‘ Blocks

0077 883311226644 55
1188 00 44 22 33 77 55 66
220011553344886677
3311226644 550077 88
442233775566 1188 00
553344 886677220011
6644 550077 88 33 11 22
775566 11 88 00 44 22 33
8866772200 11553344

[ R I R N =

PROOF OF OBSERVATION 3 FOR BRUCK’S ALLGATHER. For
Bruck’s with radix r, we prove that the observation holds for a
network with degree r. In step i, each node u communicates with
nodes u+ jri=! (mod n), where j = 1,...,r — 1. Establishing these
direct links does not break connectivity for any later step k > i. In
step k, node u must communicate with u+ jr*=1 (mod n), where
j=1,..,r—1.Since jrk—l=rpk=i(jri-1), starting from node u, follow
the step-i link with offset jri=!

hops, the current node is u+£jr'~! (mod n). Setting £= rk-i gives
i-1

exactly r*~! times. After ¢ such

u+rk=ljri=1=y4 jrk=1 (mod n), which is exactly the destination
required in step k. Therefore every communication edge required
in step k corresponds to a path in the topology established for step
i. Hence the topology established by the communication pattern
of step i preserves connectivity for all subsequent steps k > i.

[m]

PROOF OF OBSERVATION 4 FOR BRUCK’S ALLGATHER. Similar to
Recursive Doubling, we characterize the interval of steps a through
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b.In Bruck’s AllGather, step a requires each node u to communicate
with nodes u+ jr*~! (mod n), where j =1,...,r — 1 and steps are
indexed from 1. The topology that establishes direct connections
according to step a’s communication pattern therefore contains
direct links from u to u+jr*~! (mod n) for every j=1,...,r—1.

Now consider any later step i > a. In step i, node ¥ must commu-
nicate with nodes u+jri=! (mod n). Since jri=1=ri=4(jr1), this
destination can be reached by repeatedly traversing links of length
jr®=L. After £ such hops, the current node is u +£jr%~! (mod n).
Setting £ =ri=% gives u+r'"%jr% ! =y +jri=! (mod n), which is
exactly the destination required in step i.

Thus the sequence of minimum path lengths for steps a through
bis (1,...r’~4). The same topology also achieves the corresponding
minimum congestion for each step, since each step-i communication
is routed along paths of length /=% over the step-a links. The proof
follows for both path length and congestion.

We can now express the completion time of steps a through b,
where the topology matches the communication pattern of step a, as

b
te(ab)= > DCT(m;- Mi, Ggy)

i=a

b b
=a (b—a+1)+5~Zri_a+ﬁ-2miri_“
i=a i=a

b—a+1 b
-1 .
=a-(b-a+1)+5 ————+f 3 miri e, (18)
i=a

r—1

If each node holds total data size m after AllGather and each block
has size % then in Bruck’s radix-r AllGather, step i sends ri=1 blocks
along each offset. Since the r—1 offsets are used in parallel, the trans-
mission delay, i.e., the f term, is determined by the per-offset message
size rather than the aggregate data sent across all offsets. The per-
offset data size in step i is then, m;=ri=1- ™ Substituting this gives,

b—a+1 b

r -1 m i—1.i
te(ab)=a-(b—a+1)+8- ————+f-— » i7"
e(ab)=a-(b-at1)+5- ———+f ",E-a

rb—a+1 -1

mré= b
=a-(b—a+1)+5- N +p-
r—

1 .
Zrz(tfa)
n <
i=a
a—1 r2(b—a+1)_l

rh—a+1_1

=a-(b—a+1)+6- +5-
r—1

mr

n ré-1

(19)

The optimal switching schedule for Bruck’s AllGather can now be
computed directly based on Observation 3, 4 i.e., for a range of steps
a through b, the optimal topology is the one that establishes direct
connections according to step a’s communication pattern. The
schedule can be computed by dynamic programming over the steps
using Algorithm 1, where the cost of a range of steps a through b is
computed according to the above expression for f¢(a,b). The sched-
ules for Bruck’s Reduce-Scatter can be computed similarly, since
the communication pattern is the reverse of Bruck’s AllGather, and
AllReduce is a sequence of Reduce-Scatter followed by AllGather.
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B.3 Bruck’s All-to-All & Binomial Tree

Bruck’s All-to-all algorithm is a direct extension of Bruck’s AllGather,
where the communication pattern in step i is the same as that of step
i in Bruck’s AllGather, except that each node sends % blocks along
each offset. The same analysis applies to show that our observations
hold for Bruck’s All-to-All. Binomial tree broadcast follows the
communication pattern of cyclic Recursive Doubling from a single
root node perspective, and the observations hold for this case as well.

B.4 Trivance

Trivance [35] completes AllGather and Reduce-Scatter in logs(n)
steps, similar to Bruck’s r =3, but significantly reduces congestion
and achieves faster completion times for small message sizes in
Torus topologies. Interestingly, Trivance also follows a cyclic
communication pattern, and the distance triples in each step. Our
observations hold directly for Trivance as well. We omit the formal
proof for brevity, as it follows the same arguments as the proof
for recursive doubling. Specifically for Trivance, the left and right
communications can be decomposed to two separate rings. In
each ring, the distance triples in each step. For observation 3, the
topology that establishes direct connections according to step i of
trivance preserves connectivity for later steps. For observation 4,
the topology that establishes direct connections according to step
a’s communication pattern achieves the minimum path lengths and
congestion for every step a through b. The optimal schedule can
then be computed by dynamic programming over the steps, while
accounting for the reconfiguration delay. Our observations also
hold for the All-to-All extension of Trivance [36].

C Discussion

C.1 Generalizing the Observations

We notice that the same proof for Observation 3, 4 in fact holds for
any collective algorithm that satisfies two properties. First, it must
be cyclic i.e., the communication pattern in each step is represented
asu— (u+d) modn where each node u communicates with a node
at offset d. This property allows applying our Observation 3 on con-
nectivity. Second, the communication distance follows a genometric
progression e.g., Recursive Doubling progresses in steps of 2, Bruck’s
progresses in steps of radix r, Binomial tree progresses in steps of
2. This property allows us to apply Observation 4 on optimality of
the topology. For such algorithms, our observations hold and the
optimal schedule can be computed by dynamic programming over
the steps, while accounting for the reconfiguration delay.

C.2 Ring Algorithm

Naturally, for ring-based collectives (AllGather, Reduce-Scatter,
AllReduce, and All-to-All variants), Observation 3 implies that the
topology matching the communication pattern of any step i, which is
aring, preserves connectivity for all subsequent steps. Likewise, Ob-
servation 4 implies that the optimal topology for any range of steps
a through b remains a ring. Consequently, the optimal schedule for
ring algorithms is a static ring topology with no further reconfigura-
tions. The tradeoff is that ring algorithms require a larger number of
communication steps, resulting in a higher latency cost (), whereas
algorithms such as Recursive Doubling and Bruck’s communication



SIGCOMM °26, August 17-21, 2026, Denver, CO, USA

X
N

Ring / Harvest w/ RD
Message Size
6;7‘)6‘ b s
%%%%
I
|
|
i
M
I
Harvest w/ RD / Ring

Message Size

'1_‘)6 - ]
[P I
AW @\ﬁ@w AP o

Reconfiguration delay

T o
AW A0 \"c"\po Vo \/‘f‘c"@ ©

Reconfiguration delay

(a) When Recursive Doubling (b) When Ring AllGather on
AllGather with HARVEST outper- a static topology outperforms
forms Ring AllGather on a static Recursive Doubling AllGather

topology. with HARVEST.
\6‘(\?’ 1 1.53D
AL 1.43%
2 6“6 = 2
RN 1324
[ Xv\ = 4
2 LW -— 2
o Y 1215
g 1© G — T
= W 1112
Vo IR e
1"6 L K

e 1.00

\,\—“" A0 9100 W X((‘s,\p ©°

Reconfiguration delay

(c) When Recursive Doubling AllGather with
HARVEST outperforms the best among Recursive
Doubling and Ring on a static ring topology.

Figure 12: [Hardware emulation] Ring vs Recursive Doubling
for AllGather. White space indicates a speedup® less than or
equal to 1x.

patterns complete in fewer steps at the cost of higher congestion
(%) and potentially additional reconfiguration overhead (a;).
Figure 12 (hardware emulation) compares the performance of
aring algorithm executed on a static ring topology against Recur-
sive Doubling executed using the optimal schedule synthesized by
HARVEST. Here, the ring topology is established as described in §6
where 8 BlueField-3 NICs are connected in a ring with 100Gbps
links. Since the physical topology is a ring (unless reconfigured), run-
ning a ring algorithm incurs no bandwidth sharing. We observe that
the ring algorithm performs favorably against Recursive Doubling
when reconfiguration costs dominate and when the message size is
small, whereas Recursive Doubling benefits from substantially fewer
communication steps when reconfiguration overhead is sufficiently
small. This highlights the fundamental tradeoff between communi-
cation steps, congestion, and topology reconfiguration overhead.
Figure 13 shows our simulation results comparing Recursive
Doubling with HARVEST schedules, the ring algorithm on a static
ring topology, and Recursive Doubling on a static ring topology. As

5 All heatmaps (except Figure 12, 13, 16, 17) use whitespace to indicate a speedup of
exactly 1X. The representation in Figure 13 differs because it compares two different
collective algorithms, namely Ring and Recursive Doubling with HARVEsT-derived
topology schedules. When optimizing the ring algorithm, HARVEST correctly identifies
the static ring topology as optimal. Consequently, no additional speedup is obtained
from topology reconfiguration, and the Ring algorithm remains at exactly 1X across
the entire spectrum. We omit this plot for brevity.
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Figure 13: [Simulations] Ring vs Recursive Doubling for AllRe-
duce. White space indicates a speedup”’ less than or equal to 1x.

an example, we consider n=64nodes, setup latency o =500ns, propa-
gation delay 6 =50ns (e.g., in a scaleup domain), each GPU equipped
with one link of bandwidth b=800Gbps. Figure 16, 17 in Appendix D
show our results for « =500ns, §=500ns, and a=10pus, § =500ns.

We observe that the performance of HARVEST with Recursive
Doubling over the static ring topology shows the highest gains
for low reconfiguration delays and smaller message sizes. The
performance against ring algorithm is especially pronounced for
small message sizes (16KB-256KB), with the advantage reaching
up to 9.72x for a 16KB message size at a 10ns reconfiguration delay.
Even at a high reconfiguration delay of 10ms, HARVEST continues
to show gains, delivering a 2.29X performance improvement over
the ring algorithm for 256KB messages.

For small message sizes (16KB-256KB), Recursive Doubling
with HARVEST’s schedule shows up to a 2.95x performance
improvement at 10ns reconfiguration delay, while maintaining
the same performance as the best baseline once the delay reaches
10us or higher. The peak speedup is achieved at 1MB message sizes,
delivering a substantial 3.07x advantage at 10ns delay.

For medium message sizes (4MB-64MB), HARVEST with Recursive
Doubling maintains a steady advantage over the ring algorithm for
lower reconfiguration delays, achieving up to a 1.98X speedup at
10ns. However, as the reconfiguration delay increases past 10us, the
static ring algorithm begins to show better performance.
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Table 1: Effect of reconfiguration delay on Recursive Doubling
AllGather synthesis. Larger reconfiguration delay (o) reduces
the number of reconfigurations at the expense of increased
communication cost. Example with message size 4MB, n=64
nodes, «=500ns setup delay, and §=50ns propagation delay.

ar # Reconfigurations ~ Completion time (ns)
10 5 44637.97
100 5 45087.97
1,000 4 49293.26
10,000 2 73357.95
Ring 75937.68
Recursive Doubling 131979.12

As the message size increases further into the gigabyte range,
the Ring algorithm generally outperforms Recursive Doubling HAR-
VEST s schedule at higher reconfiguration delays. Notably, for large
4GB message size, Recursive Doubling HARVEST’s schedule is able
to match ring’s performance for reconfiguration delays up to 1ps.

When compared against both Ring and Recursive Doubling
on static topology, Recursive Doubling with HARVEST’s schedule
continues to outperform for low reconfiguration delays and
smaller message sizes. These consistent gains across the entire
spectrum further strengthen our findings from hardware emulation,
confirming the interplay between communication steps, congestion,
and topology reconfiguration overheads.

Consider the case with message size m = 4MB. With a, = 10ns,
HARVEST synthesizes a schedule with 5 reconfigurations, essentially
reconfiguring after every step. For n=64, there are 6 steps in total
for AllGather. The total completion time can be expressed as,

6 6
. 1 .
6-a+ § 5-27 4 B-m- § 5v26_’+5-ar=44637.97ns
i=1

i=1

The completion time closely matches our results from simulations.
Similarly, for a, =1000ns, we obtain a schedule with 4 reconfigura-
tions, and a completion time of 49293.26ns. As the reconfiguration
delay increases, HARVEST synthesizes schedules with fewer
reconfigurations trading off against increased communication cost.
For a, =10000ns, the schedule contains only 2 reconfigurations, and
the completion time increases to 73357.95ns.

In contrast, Ring AllGather on a static ring topology completes in
75937.68ns, and Recursive Doubling on a static topology completes
in 131979.12ns. Ring algorithm mainly suffers due to excessive
number of steps, whereas Recursive Doubling suffers due to exces-
sive congestion incurred due to multi-hop routing and bandwidth
sharing. The results highlight the tradeoff between reconfiguration
overhead and communication cost, and the benefits of topology
reconfiguration for algorithms with fewer communication steps
such as Recursive Doubling. At the same time, the example also
highlights the potential for topology reconfigurations to outperform
both Ring as well as Recursive Doubling on static topologies.
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C.3 MISOCP & Maximum Concurrent Flow

From a topology perspective, this paper generalizes the classic dy-
namic demand-aware network design problem to account for multi-
hop routing and splittable flow. Prior works [13, 46] also account for
reconfiguration delay in demand-aware networks, but restrict com-
munication to direct single-hop transfers, often relying on Birkhoft-
von Neumann (BvN)-style schedules. Such restrictions significantly
limit both the space of feasible schedules and the potential benefits of
topology reconfiguration. Eclipse [13], for example, expresses the op-
timization objective as follows (adapted to the notations used in §3):

maximize Hmin( f_l%-Mi,M)H
= 1
s.t. R s <W,

SEN, FL>0Vie{l2,..s}.

Here, W denotes the scheduling window, and % represents the
amount of time allocated to communication pattern M;. Given
a demand matrix M, the objective maximizes demand coverage,
i.e., the total amount of demand satisfied within the scheduling
window, while trading it off against the reconfiguration overhead
incurred by introducing additional communication patterns. In
the context of collective communication, the decomposition into
communication patterns is fixed and determined by the collective
algorithm itself. Furthermore, because communication is restricted
to direct single-hop transfers, the optimization is limited to selecting
a schedule over these predefined patterns. Recall that m; is the
amount of data transmitted in step i of the collective, and % is the
time required to complete the transfer when the full bandwidth
b is available, i.e., under direct single-hop communication. As a
result, switching schedules derived from this formulation closely
resemble BvN decompositions of the collective, since no alternative
topologies or routing strategies can be exploited.

In contrast, our formulation permits both multi-hop routing and
splittable flow, enabling a substantially richer space of feasible sched-
ules while explicitly accounting for reconfiguration delays. HARVEST
removes the restriction imposed by the minimum number of match-
ings, and consequently reconfigurations, required to satisfy demand
under a BvN decomposition. Instead, it allows traffic to traverse
multi-hop paths in the topology and captures collective completion
time through maximum concurrent flow within each interval.

Eclipse [13] also considers multi-hop routing, but only across
multiple timeslots, thereby implicitly requiring additional recon-
figurations. Furthermore, its formulation does not explicitly model
the data dependencies between communication steps that arise
in collective algorithms. Opera [48] considers multi-hop routing
within a timeslot to favor short flows under skewed flow-size
distributions. However, Opera does not account for reconfiguration
delay and does not consider the data dependencies between
communication steps. In contrast, HARVEST incorporates these
dependencies directly into the optimization, enabling it to jointly
optimize communication, routing, and topology evolution.

The connection between HARVEST and prior single-hop formu-
lations becomes clearer when viewing completion time through the
lens of maximum concurrent flow. This perspective naturally gener-
alizes prior formulations to multi-hop settings while preserving the
data dependencies inherent in collective communication algorithms.
For instance, Eclipse counts the transmission delay of a matching
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as % for m; amount of data with bandwidth b, thereby enforcing
single-hop communication. In contrast, we model the transmission
delay as % . % where é captures the slowdown due to bandwidth
sharing arising from multi-hop forwarding. Consequently, HARVEST
can jointly reason about topology selection, routing, congestion, and
reconfiguration overhead within a unified optimization framework.
Moreover, unlike prior approaches, HARVEST can determine when
topology reconfiguration is beneficial and when a static topology
is preferable. As reconfiguration delays increase, the optimizer
naturally converges toward static schedules; conversely, when
reconfiguration delays are sufficiently small, it can exploit dynamic
topologies to reduce collective completion time.

C.4 Limitations, Open Questions &
Future Research Directions

Collective algorithms: While HARVEST can synthesize topology
schedules that minimize the completion time of a given collective
algorithm, the resulting schedule is not necessarily globally optimal
across all collective algorithms. Given a pool of existing algorithms,
one can already use HARVEST to derive an optimized topology
schedule for each algorithm, estimate the corresponding completion
time using our cost model, and then select the algorithm-schedule
pair with the lowest completion time. This observation raises a
broader question: can we design new collective algorithms that are
inherently topology-aware and optimized specifically for dynamic
topologies? More fundamentally, can the principles underlying HAR-
VEST be used not only to optimize topology schedules for existing
algorithms, but also to guide the synthesis of new communication
patterns that better exploit reconfigurable interconnects? We leave
this as an interesting direction for future research.

Multi-tenant and shared infrastructure: We have focused
on optimizing collective communication in settings where GPUs
communicate over a circuit-switched interconnect without cross
traffic. This setting can be viewed from two perspectives. First, a
multi-tenant scale-up domain in which no two jobs share the same
GPU hardware or network I/O. In this case, the photonic inter-
connect must support independent reconfiguration of subsets of
ports without affecting the connectivity of other ports. For instance,
Sirius [9] performs passive switching and allows independent
tuning of transceiver wavelengths, while interconnects built from
electro-optic switches allow each individual MZI to be controlled by
anindependent electrical pulse. As a result, jobs remain fully isolated
not only at the GPU level but also within the photonic interconnect,
since circuit switching and reconfiguration affect only the ports
associated with a given job. Second, a single-tenant scale-up
domain in which a single job has exclusive access to all GPUs and
interconnect resources. In this setting, the photonic interconnect
can be reconfigured freely without concern for interference from
other jobs. This setting also applies to switching technologies that
affect all ports of a switch during reconfiguration events.

A limitation of the current work is that we do not consider multi-
tenant environments in which reconfiguration impacts all ports of
a switch, potentially affecting multiple jobs simultaneously. This
setting opens several interesting research questions. Can we derive
global topology schedules that jointly optimize the completion times
of all active jobs rather than optimizing each job independently?
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Can topology reconfiguration decisions be coordinated across jobs
to balance reconfiguration overhead and congestion? More broadly,
can HARVEST be extended from a per-collective optimizer into a
multi-job topology scheduler that jointly reasons about communica-
tion patterns, topology, and reconfiguration events across multiple
concurrent workloads? We leave these questions to future work.

End-to-end workload: A training job not only consists of collective
communication such as AllReduce, All-to-All, but also includes point-
to-point communications e.g., in Hybrid Tensor-Pipeline parallelism.
One limitation of the current work is that we do not consider point-to-
point communications, that may also potentially overlap AllReduce
events in certain scenarios. We believe this can be tackled in three
ways: (i)ahybrid architecture with electrical interconnect on the side
that exclusively serves point-to-point communication, and a pho-
tonic interconnect that serves collective communication. In this case,
the point-to-point communication can be scheduled on the electrical
interconnect to avoid interference with collective communication
on the photonic interconnect, (ii) dedicating one outgoing and one
incoming link from each GPU among the available degree d, to create
a static ring that exclusively serves point-to-point communications,
(iii) by extending HARVEST to jointly optimize topology schedules
for both collective and point-to-point communication events, while
accounting for potential overlaps and interference between them.
We leave this as an interesting direction for future research.

Integration with scale-out networks: Two broad classes of
scale-out networks have emerged over the last decade: (i) traditional
RoCE/InfiniBand networks [24, 28, 58], e.g., multi-GPU servers
connected through a fat-tree topology, and (ii) emerging optical
interconnects, e.g., TPU cubes connected by reconfigurable optical
switches [33]. We primarily focus on scale-up networks in this paper.
A natural question is how to integrate HARVEST with scale-out net-
works. One approach is to treat the scale-up network as a black box
and apply HARVEST to optimize collective communication within
each server, while relying on existing approaches to optimize com-
munication across servers. A broader direction is to extend HARVEST
to jointly optimize communication within and across servers while
accounting for the interaction between the two levels of the network
hierarchy. For instance, collective communication spanning multiple
servers is often decomposed into hierarchical algorithms consisting
of intra- and inter-server communication phases, where HARVEST
could be applied to optimize each level of the hierarchy. Applying
HARVEST to scale-out settings also presents new opportunities and
research challenges. Compared to scale-up networks, scale-out
deployments exhibit larger propagation delays, broader synchroniza-
tion domains, more distributed control planes, and multi-tenancy all
of which can influence the coordination of topology reconfigurations
across servers. Nevertheless, these effects are naturally captured
by the reconfiguration-delay parameter in HARVEST’s model.
As advances in photonic switching technologies, control-plane
design, transceiver architectures, and hardware—software co-design
continue to reduce these overheads, the optimization framework
can directly quantify and exploit the resulting benefits. We believe
that exploring the integration of HARVEST with well-established
techniques for spineless scale-out networks, such as static random
graph topologies [10, 69, 70] and traffic-engineering solutions [57],
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Figure 14: [Numerical optimization] Heatmaps showing the speedup in collective completion time achieved by HARVEST relative
to static Torus, BvN (reconfiguring at every step), and best among both, for Swing AllReduce for various Torus configurations.
We use multi-port Swing, along with mirroring for all multi-dimensional topologies.

as well as extending it to hierarchical and large-scale reconfigurable
networks, is a promising direction for future research.

End-to-end reconfiguration delay: We model the reconfiguration
delay as a fixed cost a; incurred for each topology change. HARVEST
treats this as a parameter when determining switching schedules.
In practice, a, not only includes the optical rise/fall time, but also
electrical (for electro-optic MZIs) or thermal (for thermo-optic de-
vices) rise/fall times, control-plane delay, synchronization delays,
transceiver locking overheads after reconfiguration, and potential
overheads from the software stack, e.g., to adjust routing. There is

active research across all of these components, including faster pho-
tonic switching technologies, low-latency control planes, improved
synchronization mechanisms, and tighter hardware—software co-
design [9,17,19,23]. Asaresult, the end-to-end reconfiguration delay
isexpected to decrease over time. Since HARVEST explicitly models a,
as a parameter, it can naturally adapt to future advances in reconfig-
urable network technologies and quantify the benefits of reduced re-
configuration overheads on collective communication performance.

D Additional Results



SIGCOMM °26, August 17-21, 2026, Denver, CO, USA

N
o

Static / Harvest

[ar
w

@
o A8
N \,6\46
o BA\L% .
%156\\&3
©
2 e .
2 19

6”«&3

250 © 10

O O 9 O P&
S
,\9@0'\)}\9&0\}‘\}0

Reconfiguration delay

(a) Bruck r=4 All-to-All

®
w3 1000
o N
N x()\LB'
7] BD‘\L%'
% 7—56\\?3' 100
2 e
NS 10
= e
NS
) 1

R
SN
RO

BvN / Harvest

Reconfiguration delay

(e) Bruck r=4 All-to-All

@
o  AC® 18,
N 4o ]
(7] 65‘\(3, 2
8‘.7_‘56\(6' 15m
@ XV\%' z
§ Ne 123
= 1oWe
6”«&3' @
2500 ~ 10

R
SN
XSO
Reconfiguration delay

(i) Bruck r=4 All-to-All

B 2.5
o A ‘a
N 16KB g
o cakB 205
& 258s T
© ~
@ kN\B 1.5
g XGMB ®
GANE &

MBS
25 -~ 1.0

AR
&
00\'\)@&9&@

Reconfiguration delay

(b) Bruck r=4 AllGather

1000
100
10
1
N

R
AN NS
R AON AR
R ERAN

Reconfiguration delay

Message size
BvN / Harvest

IME.

(f) Bruck r=4 AllGather

168

A\(B ] I
16\(3 |
EaKB

~
2223

D00 6

[ fan [

N wv [o0]
Best / Harvest

Message size

Iy
o

R
SN
S «&@i@&,@
Reconfiguration delay

(j) Bruck r=4 AllGather

Message size

o
Static / Harvest

)
k ) [
168 4.0
A
7)36‘(\ 3
ANe '
e
xewg 2.0
65‘&3
2950 ‘1.0

RIS
NN
XA

Reconfiguration delay

(c) Binomial tree

Message size
\S‘P\":}\G@‘é\p\)
555 56066
Ce—
= =
o o
o
BvN / Harvest

3
AN -
g
RIS
O
S '\,‘?,\9\:90\?\}“

Reconfiguration delay

(g) Binomial tree

. 2.5
e
168

e 2.0
25908
WD

AN - 1.5
,\'6\1\3 .
e

90N ‘1.0

N

SRR
SN
S (SAS \9@?\}“

Message size
Best / Harvest

Reconfiguration delay

(k) Binomial tree

Rahman et al.

>
5
[e)]
o
Static / Harvest

Message size
o
Z
@
S
o

5%
N
o

9 O OO OO
NN
AN “&¢%39°¢9

Reconfiguration delay

(d) Binary tree

Message size
)

L Vo
(Ao
555 56666

L e—

= =
o o
o
BvN / Harvest

R

S S AR R NAL
OIS AO AN
'\/\9 '\/,\9
Reconfiguration delay

(h) Binary tree

[y
e

\5§§' 2.0
o

WP - 15
\,éM6 .
NS

290N ‘1.0

\

SRR
SN
AN “’\}@\9&\@

Message size
o
Z
®
Best / Harvest

Reconfiguration delay

(1) Binary tree

Figure 15: [Numerical optimization] Heatmaps illustrating the speedup in collective completion time achieved by HARVEST
compared to static topologies, BVvN schedules (reconfigured at every step), and the best of the two. Results are shown for Bruck’s
algorithm for All-to-All and AllGather, as well as binomial tree and binary tree algorithms for broadcast. In the case of Bruck’s
algorithm with r =4, each node performs four send/receive operations per step.
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Figure 16: [Simulations] Ring vs Recursive Doubling for AllReduce with link bandwidth=800Gbps, #=500ns, and §=500ns. White
space indicates a speedup? less than or equal to 1x.
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Figure 17: [Simulations] Ring vs Recursive Doubling for AllReduce with link bandwidth=800Gbps, =10000ns, and §=500ns.
White space indicates a speedup”’ less than or equal to 1x.
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