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Abstract

Distributed machine learning inherited collective communi-
cation algorithms from high-performance computing. The
cost models behind these algorithms assume that every rank
is ready to communicate exactly when the algorithm’s sched-
ule demands, an assumption we call temporal symmetry. In
practice, however, ranks arrive at collectives hundreds of mi-
croseconds apart. Since collective algorithms impose strict
data dependencies across ranks, this temporal asymmetry
stalls the collective regardless of how it is implemented. In
fact, we prove that bandwidth-optimal algorithms (e.g., Ring)
are especially fragile to this asymmetry because their data
transfer schedules require every rank to transmit in every
round. We instead propose designing asymmetry-resilient
collective algorithms that spend the arrival gap on useful
communication among ready ranks, trading a modest in-
crease in total communication for a much larger reduction in
critical-path communication. Through the design of a new
cost model and an expansive research agenda, we envision
a future where collective algorithms are no longer static
schedules developed for idealized distributed computation
but adaptive artifacts shaped by the stochastic behavior of
the systems they run on.

CCS Concepts

« Computing methodologies — Parallel algorithms;
Machine learning; « Networks — Network algorithms;
Network performance modeling.

Keywords
Collective communication, Distributed machine learning

ACM Reference Format:

Arjun Devraj and Rachee Singh. 2026. Breaking Temporal Sym-
metry in Collective Communication Algorithms. In The 25th ACM
Workshop on Hot Topics in Networks (HotNets "26), November 16-17,

This work is licensed under a Creative Commons Attribution 4.0 Interna-

tional License.

HotNets °26, Salt Lake City, UT, USA

© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-3029-0/2026/11
https://doi.org/10.1145/3847290.3859955

Rachee Singh

Cornell University
Ithaca, NY, USA

arrival gap 7 arrival gap 7

L o N o
LT e s S O 7
RCODIIET RO u
Re [ ot [ Re [ ek []

> >
residual = residual ~
entire schedule slowest rank’s data only
compute () precondition 17, idle wait () residual transfer

(a) classical (bandwidth-optimal) (b) asymmetry-resilient

Figure 1: The slowest rank R3 arrives at the collective 7 us
after the fastest rank R;. (a) In a bandwidth-optimal schedule,
the residual communication (blue) after the slowest rank ar-
rives is the entire schedule due to dependencies that require
its data from the start. (b) An asymmetry-resilient algorithm
instead uses the gap to bootstrap communication among
faster ranks and then executes a short completion phase once
the slowest rank arrives, reducing overall execution time.
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1 Introduction

Distributed machine learning (ML) workloads rely on col-
lective communication primitives (e.g., ALLREDUCE, ALL-
GATHER) to exchange model state across a group of GPU
ranks. Algorithms that implement these collectives, such as
Ring [41] and Recursive Halving/Doubling [46], and their
performance models originate from decades of research in
high-performance computing (HPC). For example, the popu-
lar Hockney (a—f3) model quantifies the time to send m bytes
of data as a + fm, where « is the fixed per-message latency
and f is the inverse bandwidth of the network [19, 46].
Optimal algorithms under these models minimize either
the latency or bandwidth costs of communication. Latency-
optimal algorithms send few messages to incur the « cost
infrequently while bandwidth-optimal algorithms minimize
the bytes sent over the network to incur a small § cost. One
key trick in collective algorithms is to schedule transfers
between disjoint pairs of ranks in parallel, so one “round” of
communication takes the wall-clock time of a single transfer
while moving data between many pairs. In the popular Ring
ALLREDUCE algorithm, each rank sends an equal amount of
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data to its neighbor in every round, achieving bandwidth
optimality by transmitting the fewest number of bytes.

We revisit a key assumption in how we reason about col-
lective algorithms. When the algorithm’s schedule decides
that two ranks should communicate, we assume both ranks
are ready to do so. We call this assumption temporal sym-
metry, i.e., symmetry in the time at which ranks are ready
to communicate. In practice, ranks become ready hundreds
of microseconds apart due to variation in prior kernel run-
times [1, 13, 27, 31, 45]. We refer to this variation in rank
arrivals at the collective as temporal asymmetry. Regardless
of its cause, temporal asymmetry degrades the realized per-
formance of theoretically optimal collective algorithms.

Performance degradation due to temporal asymmetry oc-
curs regardless of how a collective algorithm is implemented.
One common implementation places a global barrier before
the collective so that communication only begins once all
ranks are ready. In this design, early ranks idle until the
slowest rank arrives at the barrier, delaying the entire col-
lective. Libraries like NVIDIA’s Collective Communication
Library (NCCL) [38] adopt a more sophisticated approach
that allows each rank to wait only on the peer it needs to
communicate with in that round [20]. However, the slowest
rank still delays the completion of the collective because the
algorithm (e.g., Ring) imposes strict data dependencies be-
tween ranks (Figure 1a). Faster ranks can finish a small prefix
of exchanges that do not involve a slow rank’s data (green),
but they then stall waiting on transitive data dependencies
(red). As a result, the number of bytes that must be trans-
ferred after the last rank arrives, which we call the residual
communication (blue), is identical in both implementations.

The common solution has been to engineer the asymmetry
away by detecting and evicting slow ranks [12, 23, 60]. While
these efforts mitigate the egregious delays of malfunctioning
hardware/software, much of the asymmetry is routine and a
reality of distributed computation [11, 27, 31, 45]. While it
may be tempting to ignore these delays, at the FLOP rates
of modern GPUs, even a microsecond of idling—let alone
hundreds—forfeits over a billion floating-point operations
per rank. Moreover, as inter-GPU interconnect bandwidth
grows exponentially [39], temporal asymmetry could even
rival the time spent transferring data during the collective.
As aresult, the delays too small for the infrastructure to elim-
inate have become too expensive for algorithms to ignore.

We envision a research agenda that stops treating tempo-
ral asymmetry as a defect to be engineered away and instead
designs collective algorithms that adapt to it. We propose
a class of asymmetry-resilient collective algorithms that al-
low faster ranks to begin communicating while waiting for
slower ranks, folding in slower ranks’ contributions as they
arrive. Our design principle structures the schedule’s data
dependencies so that the later a rank arrives, the less of
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the schedule depends on its data. We show that such algo-
rithms must deliberately relax bandwidth optimality, trading
a modest increase in total communication for a much larger
reduction in residual communication. Thus, a collective al-
gorithm’s cost depends on the interplay between its data
transfer schedule, its dependency graph, and the stochastic
process by which ranks become ready to communicate.
Designing this class of algorithms is challenging for sev-
eral reasons. First, arrival times are stochastic runtime quanti-
ties: which ranks arrive late, by how much, and in what order
are all unknown. A schedule fixed in advance must therefore
improve expected performance while adding negligible over-
head even when there is no gap in arrival times. Second, we
show that bandwidth optimality is fundamentally at odds
with asymmetry resilience (§2). A bandwidth-optimal sched-
ule requires every rank to transmit an equal amount of data.
However, the slowest rank can only begin sending its share
once it arrives, serializing all of its transfers on the critical
path (§3). Enabling productive communication during the
arrival gap must therefore abandon the bandwidth-optimal
schedules used today and navigate a rich design space that
tackles both algorithmic and systems challenges (§4).

2 An Inheritance from HPC

Distributed ML has become a dominant workload in datacen-
ters, yet it communicates using primitives and performance
models designed decades ago for supercomputers [36].
Collective communication. A collective primitive exe-
cutes an operation across a group of processes. These prim-
itives have been curated by the Message Passing Interface
(MPI) [36], used in supercomputers for decades, and they
have been adopted essentially intact by distributed ML [30,
37, 38]. For example, the ALLREDUCE primitive averages gra-
dients in data parallelism and aggregates partial matrix prod-
ucts in tensor parallelism. REDUCESCATTER and ALLGATHER
compose into ALLREDUCE and enable fully-sharded data par-
allelism (FSDP) while ALL1ToALL routes tokens in expert
parallelism [1]. Each primitive is implemented by an algo-
rithm that specifies a schedule of point-to-point transfers
over discrete rounds of communication. In a round, disjoint
pairs of accelerators or ranks exchange data in parallel.
Cost model. Researchers analyze the performance of col-
lective algorithms using the Hockney (a—f) model [19], the
standard cost model for collective communication [44, 51, 55].
As per this model, the time to execute a collective is:

T = ZR] (a+ (m?xsr,,-)ﬁ) =Ra + (ZR:mlaxsr,i)ﬂ. (1)

a and f are the infrastructure-dependent latency and band-
width constants, R is the number of rounds in the collective
algorithm, and s, ; is the number of bytes sent by rank i in
round r. Since all s,; in a round r are sent in parallel, each
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Figure 2: Asymmetry ratio—the time a collective spends
waiting for its slowest rank divided by the time it spends
transmitting data—from finetuning Llama-3 70B on NVIDIA
DGX H100 and H200 nodes (8 GPUs each). The ratio for TP
ALLGATHER (AG) is lower because it directly follows the TP
REDUCESCATTER (RS), i.e., no preceding computation.

round’s duration is determined by the rank that sends the
most bytes. We write this more compactly as T = Ra + g3,
where ¢ = Y ¥ | max; s, ; is the total bytes transmitted on the
collective’s critical path. While transfers within a round are
parallelized, rounds execute sequentially. The critical path is
therefore the chain of each round’s largest transfer. Every
byte on the critical path adds to the collective’s total time.
Optimal collective algorithms. Latency-optimal algorithms
minimize R while bandwidth-optimal algorithms minimize g.
The large buffers in distributed ML make bandwidth-optimal
algorithms (e.g., Ring) the standard [10, 20, 44]. Prior work
has proven that the lower bound on bandwidth complexity
for an ALLREDUCE over n GPUs with total buffer size S is
q:@ S, achieved by bandwidth-optimal algorithms such
as Ring and Recursive Halving/Doubling [41].

2.1 Temporal Asymmetry in Collectives

The Hockney model assumes temporal symmetry, i.e., com-
municating ranks are simultaneously ready to transfer data
and no rank has to wait for another. This assumption was
safe when collectives were first proposed. Interconnects were
slow, so the time to move a collective’s data over the network
dwarfed the overhead of temporal asymmetry. Reasoning
about collective performance in terms of latency and band-
width costs alone was accurate because the asymmetry was
a negligible overhead. Today the balance has flipped. Inter-
GPU link bandwidth is measured in gigabytes per second
(e.g., 900 GB/s on NVIDIA B200s), which shrinks communi-
cation time and leaves temporal asymmetry as a significant
fraction of end-to-end collective runtime. Meanwhile, ML
scale-up domains have grown from 8 GPUs to 144 GPUs [40],
which widens the spread of rank arrival times at the collec-
tive [13, 16].

Empirical evidence. While recent work has highlighted
straggler delays in large-scale ML [31, 45], we analyze their
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impact on collective communication within a single multi-
GPU server. We finetuned Llama-3 70B [17] in BF16 for 100
iterations on the NVIDIA DGX H100 and H200 (8 GPUs
with 450 GB/s P2P bandwidth). We used the torchtitan ML
framework [30] and applied 4-way tensor parallelism (TP)
and 2-way fully sharded data parallelism (FSDP). The traces
from these runs contained over 100K collective operations,
at per-rank kernel-level granularity. Figure 2 shows that
temporal asymmetry is a significant source of inefficiency
in ML collectives. For REDUCESCATTER and ALLREDUCE, the
median wait time in the collective is 0.5X and 1.3X (5% at
worst) its data transfer time for TP and FSDP, respectively,
with typical delays in the tens to hundreds of microseconds.

Takeaway 1: Temporal symmetry no longer holds
in practice. Ranks arrive at collectives far apart in
time, and the wait now rivals the transfer time.

Implementation does not matter. It is tempting to view
temporal asymmetry as an artifact of how collective algo-
rithms are implemented. The simplest implementation places
a global barrier before the collective, so every rank waits
until all ranks are ready before any data is sent. However,
production libraries like NCCL forgo this global barrier. In-
stead, each rank spin-waits on a flag its neighbor sets and
begins communicating the moment its inputs are available—
a discipline called lazy synchronization [20]. Figure 3 shows
why the impact of temporal asymmetry persists. A collective
algorithm specifies a schedule of data transfers where each
transfer depends on earlier ones. Every cell of the graph in
Figure 3 (left) is a partial sum that can execute only when its
operands exist. A cell whose running sum requires the slow-
est rank’s x3 must wait for that rank regardless of how the
waiting is enforced. Lazy synchronization lets faster ranks
complete a prefix of the schedule early, but the total com-
munication cost is still as bad as before because all of the
slowest rank’s transfers lie on the critical path once it arrives.
Residual communication. We call the bytes that must be
sent after the last rank arrives the residual communication,
Qres- These bytes form the tail of the collective’s critical path,
and they can only move after the slowest rank arrives. Fig-
ure 3 shows how every round computes a cell that needs
the slowest rank’s x3, so all of its transfers execute after it
arrives; the residual communication spans the entire sched-
ule. The collective thus pays the full arrival delay in addition
to its entire communication cost. The early work of faster
ranks (green cells) saves nothing on the critical path.

Takeaway 2: The cost of temporal asymmetry is
not an implementation artifact, but due to funda-
mental algorithmic data dependencies that apply
under barriers and lazy synchronization alike.
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Each cell is the partial sum a rank computes in that round, and each arrow shows a dependency on the transfers that produce
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x3. Even though early arriving ranks perform some useful computation (green cells) until R3 arrives, every communication
round needs R;’s data to compute a cell (x2+x3 in round 0, x1+x2+x3 in round 1, etc.). This dependency forces the residual
communication after R3 arrives to incur the full delay of performing the collective, on top of the arrival delay 7. Right: timeline
view of the schedule. Before 7, only R; and R, can start communicating, and Ry cannot begin due to an immediate dependency

on Rs; all three soon idle. Once R3 arrives, every rank has to wait on its transfers to catch up, so the span after 7 is the full gres=g.

2.2 Residual vs. total communication

Bandwidth-optimal algorithms minimize g, i.e., serial bytes
sent over the entire schedule. When all ranks initiate the col-
lective simultaneously, these algorithms minimize the time
spent on collective communication with large buffers. How-
ever, when ranks arrive at the collective at different times, g
does not capture the collective’s execution time (Figure 2).
For some time, ranks stall waiting on other ranks to send
the prerequisite data to begin the next round of the schedule.
When accounting for this temporal asymmetry, we argue
that the quantity that matters is instead the residual gy, the
bytes that must be sent once the last rank arrives. Minimizing
q and minimizing gyes, as we show, are often incompatible
objectives. For ALLREDUCE, bandwidth-optimal algorithms
(e.g., Ring) are widely adopted because they transmit the the-
oretical minimum number of bytes, i.e., q=@5 . However,
we now show that these same algorithms cannot leverage
temporal asymmetry to reduce the residual communication,
i.e., gres=¢, making them brittle to temporal asymmetry.

THEOREM 2.1. If an ALLREDUCE algorithm achieves the band-
width optimal lower bound q = 2"7_15, then for every round
r, all ranks must communicate the same number of bytes, i.e.,
Sy1 =Sp2 =+ = Syn. No rank can be idle in any round.

Proor. Consider any ALLREDUCE schedule with R rounds.
Let s,; be the total number of bytes transmitted by rank
i in round r. Recall from Eq. 1 that the number of bytes
transmitted on the critical path (i.e., bandwidth complexity)
isq= Zle max; Sy ;. Let V= Z}f:l i1 sr.i be the total number
of bytes transmitted across all ranks over the schedule. Since

for each round r, max; s,; > 1

> - Y\ Sr.i, We can rewrite g as:

= maxs,; = — Sri = —. 2
! = naE n

Prior work has shown that any ALLREDUCE of an S-byte
buffer over n ranks must transmit at least V> 2(n—1)S
bytes [41]. Thus, the bandwidth lower bound is achieved
with strict equality, when q:@S , which requires equality
in every round, i.e., max; s, ; = % i sri for all r. This occurs
only if s, 1=5, =" - - =5, for every round r. In particular, no
rank i can have s; ;=0 in the first round unless all ranks have
s1,;=0 (i.e., a degenerate round with no data). Any schedule
where some rank does not participate in the first round must
have ¢> @S, and cannot be bandwidth optimal. ]

Minimizing q requires all ranks to send the same amount in
every round, from the very start. This is because bandwidth
optimality requires maximally parallelizing work to fully
utilize total bandwidth in every round of the algorithm. Even
with lazy synchronization, the slowest rank must still send
qzws bytes once it arrives under classical bandwidth
optimality. When all ranks must transmit equally in every
round, a delay at rank i serializes all R rounds behind it.

COROLLARY 2.2. Let D; be the critical-path bytes (portion of q)
that cannot complete before rank i arrives. For any bandwidth-
optimal ALLREDUCE algorithm, D;=q for every rank i.

Takeaway 3: Bandwidth-optimal algorithms are
maximally fragile to temporal asymmetry, moti-
vating new algorithm design to minimize gy.s.
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Figure 4: (a) ALLREDUCE algorithm designed for the last arrival gap, generalized from recent work [14]. Unlike Figure 3, no
cell in the first k rounds depends on x3, allowing these cells to run ahead productively. (b)-(d) Dependence profiles that capture
Eq. 3. Each row is a candidate critical path whose bar begins when the i-th rank arrives (7;) and extends for D;f. While a profile
designed solely for the last arrival gap can hide much of the schedule inside one large arrival gap (b), this performs poorly
when the last two ranks arrive together (c), which requires designing an algorithm that targets a different arrival process (d).

3 Asymmetry-Resilient Algorithms

To reason about collective algorithms under temporal asym-
metry, we define a cost model that takes the ranks’ arrival
times as input. We use 7; <7,< - - - <7, to denote the order sta-
tistics of the ranks’ normalized arrival times (i.e., 7; = 0) and
henceforth index ranks by arrival order, where D; denotes
the bytes on the critical path (i.e., excluding parallel transfers
in a round) that depend on the i-th arriving rank. Each arrival
contributes a candidate critical path, as the D; bytes of trans-
fers that depend on rank i’s arrival (Corollary 2.2) cannot
execute before 7; and thus cannot complete before 7;+D;f.
The collective only completes after the slowest among these
finishes, so we model a collective algorithm’s cost as:

T(7) = max (5 +D; ), ®)

i<i<n
excluding « terms that follow from Eq. 1. Note that D;_;>D;
for all i because whatever cannot complete before a later
arrival by definition cannot complete before an earlier one.
Three special cases show that Eq. 3 captures existing al-
gorithms and recovers today’s cost model. First, two-phase
algorithms that use the gap between the last two arrivals [14]
(Figure 1b) run a precondition phase when the first n—1 ranks
are ready, followed by a completion phase once the final
rank arrives. These algorithms have D;=qpc+¢res for i<n
and D, =qres, s0 Eq. 3 reduces to:

T(7) = max (Tn—l + qPreﬁs Tn) + Gres - (4)

The completion phase can only begin after the precondi-
tion finishes and the slowest rank arrives; it then runs for
GresP- Second, for classical bandwidth-optimal algorithms,
Corollary 2.2 shows that D; = q for all i, so T(7) = 7, + gf
regardless of the shape of 7 (since 7, is by definition the
latest arrival). This reflects the inability of these algorithms

to adapt to temporal asymmetry. Third, with perfect tem-
poral symmetry (7 = 0), T(0) = max; D;p. For classical
bandwidth-optimal algorithms (e.g., Ring), D; = g for all i
(Corollary 2.2), whereas for asymmetry-resilient schedules
max; D; = Dy > g, following directly from Theorem 2.1
and the fact that D;_;>D; for all i. Therefore, under per-
fect temporal symmetry our model recovers the classical
verdict: bandwidth-optimal algorithms are unbeatable, and
asymmetry resilience comes with a cost.

Key Insight. Our cost model (Eq. 3) prescribes what makes
a collective algorithm natively resilient to temporal asymme-
try. An asymmetry-resilient algorithm’s data transfer sched-
ule should produce D; values (i.e., the critical-path bytes
that depend on rank i’s arrival) that are “spread out,” ideally,
with smaller D; for later arrivals to constrain their influence
on the schedule. Bandwidth-optimal algorithms have a flat
profile of D;=gq for all i, which makes them least resilient to
temporal asymmetry. The two-phase split algorithm from
recent work [14], shown in Figure 1b, is the simplest exam-
ple of achieving a spread in D; values with one rank. We
posit that between these two lies a rich space of collective
algorithms that spread D; across many arrivals, each tailored
to a different arrival process while minimizing f cost.
Evidence from recent work. Recent work proposes an

ALLREDUCE algorithm that achieves qresz%S , which
is ~ 2X better than the bandwidth optimal q (§2), by exploit-
ing the final arrival gap (7,—7,-1) [14]. For ALLGATHER, a
loose lower bound is gres > %, motivating up to an (n—1)x
improvement over the classical lower bound of q:"T_lS [46].
New algorithmic design space. Our revised model re-
frames algorithm design as optimizing Eq. 3 by shaping rank
dependence profiles D; against a stochastic and partially

observable arrival process. The challenge is to balance the
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the next arrival (Eq. 4) while clustered arrivals (here, last 2
ranks arriving together at 7,) serialize on the critical path.

algorithm’s choice of D; with efficient communication that
transmits few (if any) redundant bytes, in order to ensure
that asymmetry resilience provides speedups over bandwidth
optimality. As recent work shows [14], even algorithms that
solely exploit the final arrival gap require novel design. They
cannot naively broadcast the final rank’s data upon arrival
because in most collectives, the slowest rank must both send
and receive data that it is missing from other ranks. More-
over, these algorithms are carefully designed to minimize the
precondition work so that it can be realistically overlapped
with the slowest rank’s delay to yield benefits in practice.
While recent work provides an algorithm for the final
Tn—Tn—1 gap, we consider the general problem of asymmetry-
resilient algorithm design with stochastic arrivals. Now, we
must consider both the observed arrival process (7) and the
optimal set of ranks to include in every prefix of the schedule
(D;). For example, consider a fold-in ALLREDUCE algorithm
that treats each arrival as the straggler of the current set of
“ready” ranks. This composes many executions of a recently
proposed algorithm [14], each triggered by the i-th arrival.
However, each fold-in must complete before the next ar-
rival to avoid serializing later executions. If rank i+1 arrives
before fold-in i completes, its fold-in cannot begin until the
previous transfers finish, causing these residuals to pile up on
the critical path. Ironically, this serialization can make some
asymmetry-resilient algorithms underperform the classical
regime (i.e., waiting and using a bandwidth-optimal algo-
rithm), even with temporal asymmetry. While large 7;,—7;_;
gaps enable the fold-in algorithm to perform well (Figure 4b),
clustered arrivals serialize consecutive fold-ins on the critical
path (Figure 4c). Ultimately, the shape of the arrival process
is key, as Figure 5 simulates. Optimal algorithms with Eq. 3
have a dependency structure that minimizes communication
cost given some arrival process 7. We note that on non-
uniform topologies, the D;f term in Eq. 3 must weight each
byte by the f of the link it traverses. While our cost model fo-
cuses on designing bandwidth-efficient algorithms, we leave
augmenting it with latency terms (@) for future work.
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4 Research Agenda

We identify three open questions on the path to practical
asymmetry-resilient collectives.

Q1: Which collectives are amenable to asymmetry
resilience, and what are the lower bounds?

While we have used ALLREDUCE as a motivating exam-
ple, distributed ML relies on many other collectives (§2). To
identify which collectives may benefit most from asymmetry
resilience, we must quantify the potential gains and derive
new lower bounds for various collectives. For example, our
analysis in §3 shows ALLGATHER could gain nearly an nx
speedup in residual communication over today’s bandwidth-
optimal bound, making it a natural next target. This analysis
will also rule out settings where the minimum achievable
Gres = ¢, meaning that no gain is possible.

Benefits of asymmetry-resilient algorithms also depend on
the arrival process of ranks. When arrivals are well spaced
out, composing prior work [14] into a fold-in algorithm
(§3) achieves optimal ALLREDUCE, whereas clustered arrivals
cause it to underperform (Figure 5). Synthesizing algorithms
that navigate this complex stochastic design space presents
a challenging combinatorial optimization problem.

Q2: How do we decide which algorithm to execute
at runtime based on the stochastic arrival process?

Asymmetry-resilient algorithms exhibit variable perfor-
mance depending on the arrival process. We can either de-
sign many collective algorithms, each tailored to a 7 regime,
and execute them dynamically at runtime based on the pre-
dicted arrival process, or we could seek out a small set of
algorithms that are oblivious to the exact arrival process but
perform well in expectation. The former is an optimal stop-
ping problem that requires deciding whether to execute an
algorithm based on the observed arrival process thus far at
runtime. The latter requires understanding empirical rank
arrival distributions in ML workloads and designing “univer-
sal” algorithms that minimize the expected communication
cost. However, both change our static view of collectives
into one that incorporates the stochastic nature of rank ar-
rivals. While some algorithms may only be effective when
executed under specific arrival distributions, requiring ei-
ther a runtime monitor of rank arrivals at the collective or
settings with persistent/pre-profiled stragglers (e.g., hetero-
geneous architectures, consistent load imbalance, degraded
hardware), others may perform well even under perfect tem-
poral symmetry (i.e., simultaneous arrivals captured by the
classical regime). For example, recent work’s asymmetry-
resilient ALLREDUCE algorithm is near-optimal in bandwidth
costs even when all ranks arrive simultaneously, requiring
minimal assumptions about rank arrival times [14].
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Q3: How do we dynamically execute asymmetry-
resilient algorithms in collective libraries?

Libraries like NCCL implement a collective algorithm as
a schedule of data transfers. As a result, the schedule must
designate the slowest rank’s identity at compile time, while
the actual slowest rank is only revealed at runtime. If ranks
are not equally likely to be the slowest, one could compile the
schedule with fixed rank identities based on prior profiling.
However, this approach is suboptimal when the compile-
time assumption differs from the runtime state and may
generalize poorly.

NCCL already selects between algorithms (e.g., Ring vs.
Tree) at runtime based on the message size [20]. We propose
extending this by implementing a lightweight control plane
that allows ranks to signal readiness to a coordinator. Based
on the current set of rank arrivals, the control plane can
leverage the online techniques from Q2 to decide which
algorithm to execute. Using this decision, it can either select
and execute a pre-compiled schedule for the current state
or use just-in-time (JIT) compilation to generate the optimal
schedule at runtime.

5 Related Work

Collective algorithms. Classical collective algorithms [41]
achieve bandwidth or latency lower bounds under tempo-
ral symmetry on homogeneous networks and are widely
used for distributed ML [20]. Recent works synthesize algo-
rithms for heterogeneous topologies [4, 5, 9, 18, 25, 28, 33,
34, 44, 48, 54, 58]. Other works target specific topologies like
tori [10, 21, 24, 47] and reconfigurable networks [26, 50, 59],
or rely on existing algorithms while modifying the trans-
port [53]. However, these algorithms all assume temporal
symmetry and therefore at best achieve classical bounds
that can be circumvented under temporal asymmetry. While
recent work exploits the final arrival gap to speed up ALLRE-
DUCE [14], it cannot exploit delays for earlier arrivals and is
one point in the broader design space we characterize. Theo-
rem 2.1 highlights a fundamental tension between asymme-
try resilience and classical bandwidth optimality. Thus, our
goal is not only to design efficient algorithms under a revised
cost model, but also to reason about the challenging online
problem of when to execute them at runtime. Asynchro-
nous and partial collectives [29] relax collective semantics
and correctness (e.g., substituting stale or zero contributions
for late ranks), whereas asymmetry-resilient algorithms pre-
serve exact semantics (i.e., ensuring correctness) and instead
restructure the schedule’s data dependencies.

PAP-aware MPI. HPC researchers have explored how pro-
cess arrival patterns (PAP) impact MPI collectives [2, 3, 15, 35,
43], including PAP-aware REDUCE [35] and ALLREDUCE [2].
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These are point solutions for specific collectives that either
require knowing arrival times in advance [35] or reorder
existing algorithms with systems optimizations [2]. They do
not establish lower bounds, chase bandwidth optimality, or
describe when asymmetry is exploitable. We instead provide
a framework for algorithm design under temporal asymme-
try, grounded in the principle of residual communication.
Compute-communication overlap. Recent works enable
compute-communication overlap for distributed ML [6, 8, 22,
30, 32, 34, 42, 49, 52]. However, they primarily trace depen-
dencies to identify overlap opportunities at the operator level,
rather than the design space of intra-algorithm overlap.
Communication stragglers. Several recent works pro-
pose schemes to isolate and debug communication strag-
glers [7, 12, 56, 57], which induce asymmetry within data
transfers during the collective. In contrast, we propose de-
signing new collective schedules by leveraging temporal
asymmetry before the collective, typically arising from vari-
ation in preceding computation times across ranks.
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