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Abstract—Modern ML workloads demand distributing train-
ing and inference across multiple GPUs. However, these par-
allelization techniques often suffer from exposed critical-path
communication, leaving a potential 1.7x speedup on the ta-
ble through compute-communication overlap. Prior overlapping
methods harness the fact that ML model state and inputs are
already sharded into the number of GPUs, and overlap the
compute and communication at shard granularity. However, such
coarse-grained overlap suffers from limited network topology
support, and suboptimal dataflows. In this work, we instead
make a case for finer-grain compute-communication overlap
which we term FiCCO. FiCCO operates at a level deeper than
traditional sharding, and unlocks overlap for a wider set of
network topologies and enables finer-grain dataflow.

We show that FiCCO opens up a wider design space of
execution schedules than possible at shard-level alone. To walk
the design space of schedules, we study and characterize the
performance inefficiencies on doing overlap and overlay the
schedules with the associated inefficiency signatures. Our charac-
terization reveals decomposition and contention based slowdowns
to be the major performance limiters, and we correlate the slow-
down factors with the statically known compute/communication
operator sizes. This helps us design heuristics (that frameworks
and runtimes can harness) to select bespoke FiCCO schedules
based on the nature of underlying ML operations. Finally, to
further minimize contention inefficiencies inherent with opera-
tion overlap, we offload communication to GPU DMA engines.
We evaluate several scenarios from realistic ML deployments
and demonstrate that our proposed, heuristics-driven, bespoke
schedules deliver up to 1.6x speedup. Further, our heuristics
provide accurate guidance to pick the optimal schedule in 81%
of unseen scenarios.

Index Terms—Communication, DMA, Finer-grain overlap,
GPU, ML

I. INTRODUCTION

The rapid escalation of compute and memory demands in
machine learning (ML) workloads [47] has necessitated large-
scale distributed execution. For example, training Llama-3
required nearly 16k GPUs [18]. These distributed setups em-
ploy various parallelization strategies [31], [39], [41], [68] to
shard model states and inputs across devices. Such partitioning
necessitates frequent communication collectives, such as all-
gather, to synchronize and communicate data (e.g., activations)
at periodic intervals.
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Fig. 1: Speedup via finer-grain decomposition of data-

dependent communication-computation (FiCCO). FiCCO
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space (@) to minimize overlap-induced inefficiencies (®).

While independent computation-communication can be
overlapped to effectively hide communication latency, data-
dependent computation-communication often leaves commu-
nication exposed on the critical path. An example of the
former is fully-sharded data parallelism (FSDP) [68] tech-
nique, where weights are partitioned across GPUs and the
communication of weights of the next layer can be overlapped
with the computation of the current layer. In contrast, ex-
amples of data-dependent computation-communication include
tensor-sequence parallelism [37] and context-parallelism [41],
wherein result of the communication is immediately consumed
by the subsequent operation. In such cases, exposed communi-
cation provides up to 1.7 x speedup opportunity if overlapped
with the computation. We target this opportunity in this paper.

Prior works [6], [29] exploit the inherent sharding in
the parallelization techniques and overlap computation and
communication at the same shard-granularity (e.g., tensor
parallelism shards a single layer’s weights equally across
GPUs). However, such coarse-grain shard-based techniques
manifest a severe limitation that they harness peer-to-peer
communication operations with only one other GPU at a
time. While suitable for switch-based GPU networks (flexible
bandwidth allocation), these techniques leave network links
idle with direct-connection based GPU networks, delivering
considerably lower performance (up to 3.9x lower). Further,
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Fig. 2: (a) Sample inputs and ML model. (b) Data-parallelism (Fully-Shared Data-Parallel (FSDP)) and context parallelism
shard the input. (c) Expert parallelism, context-parallelism, tensor-sequence parallelism shard model state amongst GPUs.

as they inherently operate at shard-granularity they limit
pipelining granularity of subsequent operations.

We propose FiCCO, a finer-grained compute-
communication overlap that decomposes communication
one level deeper than traditional sharding (for example, in an
8-GPU system, FiCCO utilizes transfer sizes one-eighth those
of shard-based methods). This deeper decomposition enables
simultaneous all-to-all communication rather than serial peer-
to-peer transfers, thereby reducing latency and maximizing
link utilization across diverse topologies. Furthermore,
FiCCO unlocks finer execution granularity for all subsequent
operations in the dataflow.

As both shard-based and finer-grain techniques execute
smaller compute/communication operators, they lead to var-
ious forms of execution inefficiencies (Figure 1), which are
highly dependent on the nature of operators being overlapped.
That is, the aggregate execution time of decomposed oper-
ations can be higher than the execution time of the single
larger operation. This happens for myriad reasons including
poor utilization and/or contention for GPU resources [5].
Since execution inefficiencies can vary based on the operator
dimensions, a single execution schedule for computation/com-
munication overlap can fail to realize optimal performance.

To tackle the above challenge, we provide a detailed char-
acterization of inefficiencies incurred as ML operators are de-
composed and overlapped, and correlate these inefficiency sig-
natures with the associated operator sizes and shapes (referred
to as static sizes henceforth). We next explore the FiCCO
design space enabled by finer granularity, which encompasses
varying communication shapes, computation uniformity, and
computation granularity. The expanded search space of FiCCO
schedules necessitates heuristics that can statically select the
optimal schedule. We study how different schedules have
tradeoffs in the inefficiency signatures, and correlate them with
static operator dimensions to provide heuristics for frameworks
and runtimes to pick bespoke FiCCO schedules. Finally, we
also harness communication offloads to GPU DMA engines to
further lower contention based inefficiencies. Our evaluation
across several realistic ML deployments demonstrates that
our heuristics driven bespoke schedules deliver up to 1.6x
speedup and our heuristics provide accurate guidance to pick
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the optimal schedule in 81% of unseen scenarios.
In summary, we make the following contributions:

We propose finer-grain compute-communication overlap
than shard-based, which we term FiCCO, in order to
overcome limitations of shard-based overlap.

We provide detailed characterization of inefficiencies
incurred as ML operators are decomposed and executed
in an overlapped fashion.

We provide a design space of FiCCO schedules which
allows picking bespoke overlap schedules based on the
nature of underlying ML operations. Further, we also
offload communication to GPU DMA engines to lower
contention-driven inefficiencies.

We provide heuristics that guide frameworks and runtimes
to pick bespoke FiCCO schedule for any given scenario,
thereby maximizing performance.

We evaluate several scenarios from realistic ML de-
ployments and demonstrate that our proposed bespoke
schedules deliver up to 1.6x speedup and our heuristics
picks the optimal schedule in 81% of studied scenarios.

II. BACKGROUND
A. ML - Increasingly Distributed

Large language models (LLMs) are becoming ubiquitous,
from conversational agents to code generation [14], [35],
[61]. The LLM architecture consists of a stack of transformer
blocks, each transformer block made up of self-attention [21]
and feedforward (MLP) layers. As LLM model sizes and
training dataset sizes scale [15], [27], the compute and memory
throughput of a single GPU is insufficient to meet LLM needs
[47]. Consequently, parallelization techniques shard model
state and inputs across multiple GPUs.

Figure 2 depicts key ML parallelization techniques and
their associated communication collectives. Vanilla data-
parallelism [40], [65] shards model inputs across GPUs.
Fully-sharded data-parallel (FSDP [68]) additionally shards
model weights, requiring all-gather (AG) prior to executing
associated computation. In addition, reduce-scatter (RS) of
model gradients, in which gradients across GPUs are summed
element-wise, is also necessary (Figure 2(b)). Also depicted is
context parallelism [66], which shards single input sequence
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Fig. 3: (a) Start state for weights (W) and inputs (I) on a four GPU system. (b) Steps(S) in baseline serial execution of
communication and computation. (c¢) Shard-based overlap: P2P shard communication and shard-level computation overlap.
(d) Contention within limited GPU resources with operation overlap, without and with DMA communication offloads. DMA
eliminates compute interference and some portion of memory interference within the GPU.

data across GPUs and can incur either ring-based peer-to-peer
(P2P) [42] or AG [18] communication.

Alternative parallelization techniques shard model state
across GPUs (Figure 2(c)). In order to scale model parameters
without commensurate scaling of compute, mixture-of-expert
(MoE) models have gained increasing traction [53], [55]. Such
MoE models often deploy expert parallelism, wherein experts
in MLP layers are distributed over multiple GPUs incurring
all-to-all (AA) communication to disperse and collect input
tokens across experts. Pipeline parallelism [31], spreads model
layers across GPUs in stages, necessitating P2P communi-
cation of outputs/inputs between said stages. Finally, tensor
parallelism [44] shards linear layers in transformer block
across GPUs, which is often combined with sequence par-
allelism [37] to shard sequence-dependent operations as well.
This necessitates AG and RS collectives across participating
GPUs.

B. Shard-based Overlap and Interference

With wide-spread deployment of distributed ML, effectively
hiding resultant inter-GPU communication in the shadow of
computation gets increasingly important. This is straight-
forward in presence of independent computation, such as
in FSDP, wherein all-gather of weights for next layer can
be done in shadow of computation of the previous layer.
However, for other forms of parallelization highlighted in
Figure 2, this is challenging. As an example, Figure 3(a)
depicts the start state for tensor-sequence parallel scenarios
across four GPUs where each holds a row-sliced input shard
(D and column-sliced weight shard (W). In baseline execution
(Figure 3b), the computation—a matrix-matrix multiplication
(GEMM)—requires every input shard to interact with the
weight shard on each GPU. Consequently, an All-Gather
collective must first synchronize all input shards across the
GPUs before the GEMM kernel is invoked. Section VI-B
shows that this serialized execution can leave up to 1.7x of
the ideal operator-level possible speedup unrealized.

To overcome this, prior works [6], [29] harness the fact that
model’s inputs/states are already sharded allowing compute-
communication overlap as depicted in Figure 3(c). Instead of
gathering all input shards upfront, shards are sent peer-to-peer
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between GPU pairs one at a time, while overlapping com-
putation on the previously received shard, thereby attaining
compute-communication overlap.

Such overlap of computation and communication is realized
on modern GPUs via executing two concurrent GPU kernels,
one for computation and the other for communication. Such
concurrency, as expected, causes interference between the two
as depicted in Figure 3(d) across different GPU resources
(e.g., cores, caches, HBM). Prior works [5], [48], [69], [70],
offload communication to existing DMA engines on GPU to
lower a substantial portion of this interference. That is, by
not using GPU cores to orchestrate communication, compute
interference is completely eliminated and a portion of cache
interference is eliminated as well. We also harness such DMA
offloads.

III. FICCO: MOTIVATION
A. Case for Finer-grain Overlap

While shard-based overlap as employed by prior works
is indeed promising, we observe that it suffers from key
limitations. To this end, we make a case in this work for
finer-grain compute-communication overlap which we term
FiCCO, wherein communication is decomposed at one-level
deeper granularity (that is, transfer sizes one-eighth that of
shard-based overlap in an eight GPU system) which allows
overcoming of limitations with shard-based overlap (discussed
in more detail below). While shard-based techniques execute
compute and communicate at shard granularity, we propose
to communicate at one-level deeper granularity (additional
sharding by number of GPUs) while keeping the computation
granularity configurable and tunable (either match or increase
granularity than shard-based techniques). This enables us to
communicate at a granularity finer than shard while keeping
the computation granularity configurable.

B. FiCCO: Steady State

Higher degree of decomposition with FiCCO unlocks con-
current all-to-all communication pattern in steady state as
opposed to serialized peer-to-peer communication pattern in
shard-based overlap as depicted at a high-level in Figure 4 ((b)
versus (c)). As also depicted, since computation now happens
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over finer-grain communication received from multiple peer
GPUs, depending on the choice of computation granularity
(as will be expanded in Section V), this induces some addi-
tional actions in steady state such as gathering of finer-grain
communication buffers (Gather) and potentially scattering of
finer-grain outputs in final output space (Scatter). We further
discuss in Section V how this unlocks a rich design space of
FiCCO schedules.

C. FiCCO: Benefits

We depict in Figure 5 the benefits of FiCCO in comparison
to shard-based overlap. First, FiCCO broadens compute and
communication overlap for data-dependent scenarios for wider
topologies. As discussed above, shard-based overlap deploys
peer-to-peer communication which is suitable for switch-based
GPU topologies [56] which allow flexible bandwidth allo-
cation between GPUs. That said, state-of-the-art GPUs such
as AMD Instinct™ MI300X employ direct connection based
topologies. In such cases, peer-to-peer communication can
leave network links unused causing performance degradation
— up to 3.9x slowdown compared to serial execution, as
discussed further in Section VI-B. In contrast, FiCCO, by de-
composing communication one-level deeper (additional shard-
ing by number of GPUs) unlocks all-to-all communication
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pattern which can keep direct connection based topologies well
utilized. Second, finer-grained outputs resulting from FiCCO
also enable subsequent operations to execute, and therefore
pipeline/overlap, at a finer-granularity. Finally, as also depicted
in Figure 5, finer-granularity can also allow better hiding of
communication asymmetry that can happen with MoE models
wherein communication between pair of GPUs can differ
based on tokens to be communicated between them.

IV. DATA-DEPENDENT COMPUTE/COMMUNICATION
OVERLAP: CHARACTERIZATION OF INEFFICIENCIES

As both shard-based or finer-grain techniques execute
smaller compute/communication operations as compared to
baseline serial execution (Figure 3), they lead to various
forms of operation execution inefficiencies, which are highly
dependent on the nature of operators being overlapped. That
is, the aggregated execution time of decomposed operations
can be higher than the execution time of the baseline (single
large) operation. Careful understanding and characterization of
these inefficiencies is necessary in order to effectively manage
them, and we provide the same in this section.

A. Overview of Inefficiency Losses

We depict pictorially in Figure 6 the key inefficiency losses
that can incur due to operation decomposition and overlap.
Note that the inefficiencies we discuss apply to both shard-
based overlap and our proposed FICCO overlap. In the charac-
terization sections (Section IV-C, IV-D) we explicitly separate
out the empirical differences between the two.

Ideal Execution: To express the inefficiency losses, we
first depict ideal execution in Figure 6. In such an execution,
decomposing and overlapping of ML operations scales the
execution time commensurate to the decomposition degree.
This leads to what we refer in this work as ideal speedups for
computation/communication overlap.

Decomposition Inefficiency caused Loss (DIL): In prac-
tice, decomposing operations into smaller sub-operations (as



done by both shard-based and FiCCO techniques) leads to
slower execution than predicted by the ideal baseline (Fig-
ure 6). This is because smaller inputs/outputs are less capable
of saturating GPU compute units and load-store pipelines,
yield poorer cache reuse due to smaller GEMM tile sizes,
and suffer from other well-documented inefficiencies [45] [58].
We term this as decomposition inefficiency caused loss (DIL
henceforth).

Contention Inefficiency caused Loss (CIL): Additionally,
unlike baseline execution where computation and communi-
cation run in isolation, both shard-based and FiCCO tech-
niques overlap these operations, introducing contention in
GPU compute and memory subsystems. More specifically, as
depicted in Figure 3(d), overlapping computation and commu-
nication divides GPU compute cores between two concurrent
kernels, causing each to receive fewer cores than it would
in isolation, an effect we term compute interference. The
same phenomenon plays out over caches, network on-chip
and HBM. While offloading communication to DMA engines
[5], [48] can eliminate compute interference and some portion
of cache interference, memory interference still remains. We
term this contention related operation execution slowdown as
contention inefficiency caused loss (CIL henceforth).

Other Inefficiency Losses: We observe in this work that
DIL and CIL are the primary inefficiency losses and focus on
them. That said, other inefficiency losses exist and we briefly
mention them here. ML models repeatedly execute the same-
sized operations over multiple layers across multiple GPUs.
We observe variations in execution times of the same operation
within the same GPU and across GPUs. However, we find that
this variation is within 6%, so we omit it. Finally, CPU launch
of GPU kernels, which increase with both shard-based and our
proposed FiCCO techniques can add launch overheads. These
overheads can matter when operation sizes are particularly
small. However, graph-based launch techniques can mitigate
these overheads [11].

B. Methodology

1) System and Execution Setup: Our setup comprises
of AMD MI300X Infinity Platform comprised of 8x
AMD Instinct MI300X GPUs [1] with a fully connected
topology using AMD Infinity Fabric™" bi-directional links,
each link with a uni-directional bandwidth of 64GB/s. Our
setup is based off PyTorch [46] as it is the most common
framework for model training and inference. We focus on
overlap of key ML operations: GEMM and communication
collective kernels. For GEMMs, we harness AMD ROCm™
hipblaslt [2] library of high-performance GEMM kernels.
For communication, we either harness AMD ROCm
communication collectives library (RCCL) [8], a standard
library of collective communication routines for GPUs or
launch memory copies (hipMemcpyDtoDAsync [7]) to offload
communication to GPU DMA engines. We use multiple GPU
streams [9] that allow concurrent execution of GPU kernels.
We harness symmetric memory [64] for input/output buffers
to eliminate intermediate buffer copies and enable direct
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TABLE I: GEMMs occurring in real world scenarios.

Name  Parallelism  Model GEMM (M,N,K)

gl SP+TP llama-3-405b  (16384,16384,131072)
22 SP+TP llama-3-405b  (131072,16384,16384)
23 SP+TP llama-3-405b  (53248,16384,131072)
g4 SP+TP llama-3-405b  (131072,53248,16384)
g5 SP+TP llama-2-70b (8192,8192,262144)
g6 SP+TP 1lama-2-70b (262144,8192,8192)
g7 SP+TP llama-2-70b (28672,8192,262144)
28 SP+TP 1lama-2-70b (262144,28672,8192)
29 SP+TP llama-3-405b  (196608,18432,16384)
gl0 SP+TP llama-3-405b  (196608,106496,16384)
gll SP+TP llama-2-70b (1048576,10240,8192)
gl2 SP+TP 1lama-2-70b (1048576,57344,8192)
gl3 EP DeepSeek (1607680,57344,8192)
gl4 EP Mixtral (147456,28672,4096)
gl5 EP Mixtral (327680,28672,4096)
gl6 EP Mixtral (229376,28672,4096)

peer-to-peer GPU memory access. We report the average of
five measured runs following ten warm-up iterations.

2) Data-dependent Overlap Scenarios Under Considera-
tion: We study data-dependent compute-communication sce-
narios from real-world ML deployments in this work [18],
[23], [43], [59], [60], summarized in Table I. More specifically,
we study tensor-sequence parallel scenarios wherein, model
weights are sharded and activations are all-gathered [37]. We
also study scenarios for expert-parallelism [22], [34], wherein
input tokens are communicated in an all-to-all fashion before
executing the expert layers.

Finally, as we discussed in Section II-A, there exist
other data-dependent compute/communication overlap sce-
narios. We omit some of them that require communication
with associated arithmetic operations as GPU DMA engines
lack compute capabilities today (e.g., tensor parallelism with
reduce-scatter). If supported in future systems, we believe our
conclusions/analysis will apply in those scenarios as well.

C. DIL for Compute and Communication

1) GEMM DIL: We characterize the decomposition over-
head as the GEMM is decomposed for shard-based and finer-
grain overlap. To evaluate GEMM DIL, we compare the
isolated execution of baseline GEMM to that of eight 8-
way sharded and sixty-four 64-way sharded smaller GEMMs.
As vanilla GEMM is comprised of M rows, K inner re-
duction columns dimension and N output columns, sharding
of activations/gradients can be done in either the row (M)
or column (K) dimension. We exercise both. Additionally,
note that column-sharding necessitates accumulative GEMM
kernels (that is, C += A * B). Finally, note that, 8-way sharding
is employed in both shard-overlap and FiCCO, while 64-
way GEMM-sharding can be employed optionally in FiCCO.
That is, FiICCO shards communication one-level deeper than
shard-based techniques but only optionally shards computation
(Section V).
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Observations: Figure 7 depicts DIL for GEMMs. First, as
expected, 64-way sharding leads to higher DIL (slowdown)
as compared to 8-way sharding for both row and column
sharding. Second, DIL depends on relative magnitude of
GEMM rows (M) and inner-dimension (K), i.e., row-sharding
incurs higher overhead when M < K, and column-sharding
when M > K. That is, for g3, gl, g7, g5, DIL for row-
sharding is higher than column-sharding (as depicted with
data labels) and vice-versa for rest of GEMMs. Additionally,
DIL generally increases as static op-to-byte (OTB) for GEMM
(arithmetic intensity, calculated using resultant GEMM dimen-
sions, derived from MNK for ops and bytes) decreases. That
is, lower the OTB ratio, more the sensitivity to DIL. Finally,
as static GEMM parameters (OTB) dictate DIL, we note this
can aid in design of heuristics for picking optimal schedules
(Section V-C).

2) Communication DIL: For communication DIL, as indi-
vidual transfer size (between a pair of GPUs) in shard-overlap
is same as baseline serial execution, shard-overlap does not
experience DIL. However, as FiCCO communicates at finer-
granularity, we scale down collective size 8-way for eight GPU
system and study resultant slowdown.

Observations: We depict DIL for communication all-gather
in Figure 8. We observe that communication DIL for FiCCO
has a geomean of about 10% and positively correlates with
communication size as expected. That is, as size increases,
there is increased resiliency to DIL as communication gets
increasingly bandwidth-bound.

D. CIL for Compute and Communication

We compare overlapped and isolated execution of commu-
nication/computation to quantify contention overheads.
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1) GEMM CIL: To evaluate GEMM CIL, we execute
8-way M-sharded GEMM concurrently with RCCL [8] or
DMA-based all-gather and report the slowdown relative to
isolated execution. In this case, as DIL is already baked into
GEMM execution, slowdown observed is purely attributed to
contention between GEMM and communication.

Observations: We depict CIL for GEMM in Figure 9 (left).
We first observe that, DMA-based communication causes far
lower CIL than traditional GPU core-driven communication
(RCCL) in all cases. This is expected as DMAs eliminate
compute interference and reduce memory interference [5].
While clean correlations as in DIL are not as evident for
CIL, we observe that CIL generally increases as static memory
traffic (MT) for GEMM increases ( calculated as MK + NK
+ MN for a MNK GEMM). This is so as memory sub-system
interference increases with larger GEMM memory traffic.
We also evaluate the CIL for shard-based overlap (omitted
for space reasons) and observe a geomean CIL of 1.07x
slowdown as opposed to geomean CIL of 1.11x with FiCCO.

2) Communication CIL: Using the same setup as above we
report slowdown in the communication kernel.

Observations: Figure 9 (right) depicts that communication
CIL similarly shows sensitivity to GEMM memory traffic
and we observe a geomean CIL of 1.12x slowdown. In
contrast, with larger communication sizes, shard-based overlap
experiences geomean CIL of 1.03x slowdown.

E. Case for Bespoke FiCCO Schedules

Figure 10 illustrates how DIL and CIL proportionally affect
the scenarios under consideration for GEMMs (8-way in (a),
64-way sharding in (b)) and all-gather (c). For GEMMs, as the
combination of OTB and MT increases, GEMMs become more
susceptible to CIL (left to right in the figure). This is expected
based on trends we discussed above that DIL negatively
correlates with OTB and CIL positively correlates with MT.
This effect however, is less prominent for 64-way sharding as
the DIL is particularly more prominent there (Section IV-C1).
Communication DIL/CIL proportioning shows similar trend in
terms of GEMM MT. Overall, since different scenarios exhibit
different inefficiency signatures, using FICCO schedules cog-
nizant of these losses and guided by heuristics for selecting
the optimal schedule, stand to deliver better performance.
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V. FICCO: DESIGN SPACE & HEURISTICS

We discuss in this section both the design space unlocked
via FICCO and the schedules we study in this work.

A. FiCCO Design Space Dimensions

Recall from Section III that FiCCO employs finer-grained
compute-communication overlap, decomposing communica-
tion one level deeper than shard-based techniques (for ex-
ample, in an eight GPU system, one-eighth the transfer size
of shard-based overlap). Specifically, while shard-based tech-
niques operate at shard granularity for both communication
and computation, FiCCO decouples the communication and
computation granularity. FiCCO communicates at the finer
granularity, while computation granularity is configurable—
either matching or finer than shard-based techniques.

Consequently, the design space dimensions possible with
additional communication sharding in FiCCO are depicted in
Figure 11a. Specifically, for communication, resultant buffers
can be I-dimensional (1D) with sharding in row (M) di-
mension or 2-dimensional (2D) with sharding in column (K)
dimension allowing two choices in this dimension. Further,
for computation, FiCCO unlocks four choices. First, in each
overlap step, as GPUs receive buffers from all peer GPUs,
either a single/fused GEMM kernel using all the buffers can
be executed (fused) or individual kernels allowing flexible
scheduling (unfused) can be executed. Second, at the start
of the execution (first step), in order to hide exposed commu-
nication, each GPU can choose to start executing on its local
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shard without waiting for any data from peer GPUs leading to
heterogeneous subsequent steps (hetero) or combine remote
and local buffers to ensure all steps execute the exact same
GEMM (uniform). We next discuss concrete FiCCO schedules
to study how each choice manifests tradeoffs in terms of
inefficiency loss signatures.

B. FiCCO Design Space Schedules

Figure 11b illustrates the four FiCCO schedules studied,
depicting their steady-state actions. We classify schedules by
computation uniformity (uniform, hetero), granularity (fused,
unfused), and communication shape (/D, 2D). Also, recall
from Section III-B that FiCCO may require gathering of
finer-grained communication buffers (Gather) and potentially
scattering outputs into the final output space (Scatter), depend-
ing on the compute dimension and communication sharding
choices. Finally, we assign each schedule an inefficiency loss
signature in terms of DIL and CIL, based on its resultant
GEMM dimensions and concurrency degree.

Decoding the provided schedules in a comparative fash-
ion, we observe that all schedules communicate the same
effective buffer size and that uniform-fused-2D com-
municates 2D buffers. Next, to ensure uniformity in GEMM
sizes, all uniform schedules incur gather of local and remote
received buffers. Next, some schedules either invoke single
fused GEMM kernel or some invoke multiple GEMM kernels
(unfused). Finally, some schedules scatter output in final
output space as they compute on non-contiguous rows in input
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buffer. We assign DIL degree to schedules based largely on
resultant GEMM size for it dictates the GEMM OTB and
hence DIL (Section IV-E). Also, we assign CIL degree to a
schedule based on the concurrency degree it manifests (e.g.,
uniform-fused-1D can execute communication, gather,
compute, and scatter at same time), stressing memory traffic
which dictates CIL (Section IV-E).

While with our proposed design space (Section V-A) a total
of eight schedules are possible, we study four of these. This
is because we observe that the inefficiency loss signatures of
these missing schedules are strictly worse than the ones we
study. For the three other 2D schedules (M<K), row-sharding
is suboptimal. Thus, creating hetero or unfused schedules
that shard in row-dimension would further degrade perfor-
mance. Similarly, uniform-unfused-1D further shards
hetero—unfused-1D, thereby increasing DIL while keep-
ing CIL unchanged since the Scatter/Gather operations remain
unchanged.
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C. FiCCO Heuristics

Since FiCCO leads to distinct schedules, selecting the
optimal one is essential for maximizing performance. While
we can benchmark common GEMM dimensions in distributed
ML, the vast diversity of batch sizes, sequence lengths, and
model scales makes exhaustive offline profiling infeasible. We
therefore utilize heuristics to enable optimal FiCCO execution
based on static parameters, that also works for future/unseen
shapes and sizes. The heuristics can aide frameworks and
runtimes to pick bespoke schedules. We present our design for
this heuristic in Figure 12a. Specifically, we first observe that
relative magnitude of GEMM row (M) and column dimension
(K) can provide a clear guidance on choice of communication
shape to pick: 1D if M>K or 2D otherwise in order to
minimize resultant DIL (Section IV-C1). For latter, there is
a single FICCO schedule available (uniform-fused-2D). For
the former, first recall that each FiCCO schedule has a unique
and inherent inefficiency loss signature (DIL-CIL degree) as
depicted in Figure 12a. As such, we match each schedule with
operations least sensitive to their inherent inefficiencies. As



an example, since uniform-fused-1D inherently manifests low
DIL and high CIL, it is selected for scenarios with low GEMM
op-to-byte (OTB) and low memory traffic (MT), since DIL
negatively correlates with OTB and CIL positively correlates
with MT (Section IV-E). We similarly match hetero-unfused-
ID with high combination of OTB and MT and assign hetero-
fused-1D schedule otherwise.

To demarcate the resulting OTB and MT tranches, we
leverage machine-level hardware characteristics. We define a
combined machine threshold using combined OTB and MT for
underlying GPU in terms of its peak compute FLOPs (op-to-
byte x memory bandwidth = FLOPs). We then assign uniform-
fused-1D to scenarios where the combined OTB and MT is
below this machine-level threshold, while hetero-unfused-1D
is assigned when the combined metric exceeds the threshold
by 5x. Note that this FiCCO heuristic threshold is machine-
specific and requires a one-time tuning effort. The threshold of
5x was chosen by comparing the performance of two FiCCO
schedules (hetero-fused-1D and hetero-unfused-1D) for a
set of GEMM microbenchmarks on AMD Instinct MI300X.
Other machines would require a similar tuning to choose
the threshold, which is a small one-time cost. We evaluate
this heuristic both for scenarios under consideration and for
synthetic scenarios and report efficacy in Section VI-D.

VI. FICCO EVALUATION
A. FiCCO Realization

Our system setup is described in Section IV-B1. FiCCO
schedules are implemented in PyTorch by invoking standard
GEMM libraries and DMA transfers, without modifying the
underlying optimized kernels. We use hipStreamWrite and
hipStreamWait [3] for lightweight synchronization. To incor-
porate FiCCO, the user provides only the GEMM input sizes;
based on the GEMM dimensions our heuristics will select and
execute the optimum overlap schedule, replacing the serial
communication and computation.

B. Shard-based Overlap: Limitations

We start with motivating FiCCO by demonstrating speedup
potential with ideal computation-communication overlap, and
limitations of current shard-overlap based techniques in Fig-
ure 13. Ideal performance assumes operator decomposition
scales linearly with no slowdowns from decomposition or
contention. We implement shard-overlap following PyTorch
Async Tensor Parallelism [29] technique.

Ideal performance follows a bell curve relative to the
GEMM/communication time ratio (along x-axis), that is, the
more balanced the operators, the greater the benefit of perfect
overlap. However, shard-based overlap, with serialized peer-
to-peer communication, under-utilizes the available network
links in AMD Instinct MI300X (we observe 7x communica-
tion slowdown). We observe a negative correlation between
speedup and the GEMM/communication time ratio; as GEMM
execution time increases (moving rightward on the x-axis),
they better mask communication inefficiencies. Regardless,
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Fig. 13: Deficiencies of shard-based overlap. Due to the con-
siderable communication slowdown of shard-based overlap,
layers with a higher fraction of collective time incur greater
slowdowns.

shard-overlap does not attain speedups because the commu-
nication bottleneck translates to an overall 2.3x slowdown
compared to serial execution. Since the performance of shard-
based overlap is bottlenecked by inter-GPU communication,
any optimization in intra-GPU computation is unlikely to
benefit. FiCCO avoids this communication slowdown by using
finer-grained sharding and all-to-all communication to exploit
all available links.

C. FiCCO Schedules Comparison

Figure 12b depicts the speedups attained by the FiCCO
schedules we discussed, with our heuristic selections overlaid.
Since 2D DMA memory copies are currently unsupported, we
emulate them using equal-sized 1D copies (the performance
of 1D and 2D copies are quantified in Section VI-G). Unlike
shard-based methods, FiCCO leverages all-to-all communi-
cation to improve network utilization, attaining speedups of
up to 1.6x with 1D schedules and 1.7x with emulated 2D
schedules.

D. FiCCO Heuristic Evaluation

Our proposed heuristic in Figure 12a predicts the right
schedule for all scenarios we study in this work. To further
evaluate the efficacy of this heuristic, we generate sixteen
additional synthetic scenarios with diverse OTB and MT
combinations. Across these scenarios, our proposed heuristic
predicts the right schedule for 81% of scenarios, further un-
derscoring its efficacy. For the scenarios where we mispredict,
the schedule proposed by our heuristic loses approximately
14% of the optimal speedup.

E. Application Level FiCCO benefits

We use VLLM [38] to profile layer-wise execution times
across four LLMs [23], [24], [57]. For each FiCCO-eligible
layer, comprising all-gather and all-to-all collectives, we iden-
tify the corresponding GEMM and collective tensor sizes,
measure their FICCO speedups in isolation, and apply these
to the respective layers. Figure 14 presents the resulting layer-
level and end-to-end (E2E) speedups. On average, a 1.21x
speedup in FiCCO-eligible layers yields a 1.07x E2E speedup,
retaining 33.3% of the layer-level gain. The MoE models
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benefit the most: averaged across DeepSeek and Qwen, a
1.15x layer speedup translates to a 1.08x E2E speedup,
retaining 53.3% of the gain.

FE. FiCCO Comparison To Other Overlap Techniques

Figure 15 depicts geomean speedups across all scenarios for
shard-overlap, and FICCO 1D and emulated 2D schedules.
We also implement FiCCO with GPU core-based RCCL
communication denoted as FiCCO-rccl. Ideal speedup refers
to the maximum attainable speedup if sharding or overlapping
operators did not cause any efficiency losses. Ideal-adjusted
speedup refers to the maximum attainable speedup after em-
perically accounting for DIL and CIL losses in the operators.
We find that FiCCO 1D and 2D schedules attain 48% and 54%
of the ideal speedup, and 68% and 77% of the ideal-adjusted
speedup, respectively.

Finally, we attempted comparing against Triton-
Distributed [69], but code analysis revealed it to allocate
memory for entire gathered buffers, causing out-of-memory
(OOM) for our evaluated production GEMMs. In contrast,
FiCCO optimizes memory allocations by double buffering.
The Triton-Distributed paper uses smaller shapes to avoid
OOM errors. Evaluating those exact sizes, FiCCO delivers a
1.05x speedup over Triton-Distributed.

G. Quantifying Overheads with 2D DMA transfers

As of today, GPU DMA-based 2D copies are not ex-
posed via the runtime, and consequently we emulated FiCCO
schedules requiring 2D transfers by executing 1D transfers
of the same effective size. That said, via low-level pro-
gramming of AMD’s GPU engines, we offloaded 2D copies
to DMA engines and compared how far off our emulation
is from reality. For our evaluated sizes, we find that on
average, 2D-copies incur a negligible slowdown of 0.03%
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compared to 1D-copies. Though a 2D-copy, being a group of
smaller 1D-transfers, can incur additional address-translations
and network-inefficiencies, these overheads are minimized
in FiCCO. First, GPUs utilize large 2MB pages and our
transfer sizes are substantial, making the translation overhead
negligible. Second, AMD DMA engines leverage back-to-back
copy overlap optimization [49], overlapping the writes of one
copy with the reads of the next and mitigating efficiency
loss from these grouped transfers. Overall, we believe that
when future runtimes expose 2D DMA transfers, FiCCO 2D
schedules will deliver close to the emulated performance we
report in our work.

VII. RELATED WORKS

Table II compares prior compute-communication overlap
works. There has been significant research to overlap in-
dependent computation and communication [19], [20], [25],
[32], [50], [51], but these solutions do not work in de-
pendent computation-communication. CoCoNet [33], Google-
Decomposition [63], Centauri [13], Flux [12], Comet [67],
Domino [62], Concerto [16], FlashOverlap [28] decompose the
operators, and schedule the overlap such that the dependency
is satisfied. However, these solutions do not use DMAs, and
therefore incur contention between communication [30] and
computation kernels for the compute resources. We use DMAs
for communication, thereby reducing contention. In addition,
several of the solutions require writing a customized GEMM
kernel to suit their implementation, and do not use the existing
highly optimized GEMM kernels [2], [10]. We make no
changes to the existing GEMM kernels to take advantage of
their optimizations.

TileLink [70] and Fused-Operators [52] employ fused ker-
nels of compute and communication operators. However,
fused kernels often require user intervention to implement
communication primitives and tiling optimizations. Further-
more, Fused-Operators does not use DMA, thereby incurring
compute contention. DMA based compute communication
solutions include ConCCL [5], PyTorch AsyncTP [29] and
Distributed-GEMM [6]. ConCCL works only if compute and
communication operators are independent. PyTorch AsyncTP,
and Distributed-GEMM employ shard-overlap and are opti-
mized for switch based P2P topologies but do not work well
on full-mesh topologies. We employ finer-grain overlap that
maximally saturate the bandwidth on full-mesh topologies and
achieve good performance. ACE [54] and T3 [48] propose
new hardware modules to handle communication to reduce
compute contention. They require hardware changes, while
ours is a software solution.

Finally, based on a thorough characterization of overlap
inefficiencies, we provide a design space for finer grain overlap
and provide heuristics to pick the optimal one. To the best of
our knowledge, this design space exploration has not been
done before.
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VIII. DISCUSSION
A. FiCCO Benefits For Switch-based Topologies

While we study FiCCO for direct/fully-connected topolo-
gies, its benefits carry over to other topologies as well
(e.g., switch-connected topologies). As an example, on de-
composing a GEMM, the tradeoff (Section IV) between
increased decomposition loss and reduced contention (due to
decreased memory-traffic) would persist even in a switch-
topology. Specifically, Figure 12b/hetero-infused-1D shows
computation sharding incurs lower contention without high
decomposition loss and this is agnostic of underlying network
topology. As such, FiCCO-like sharding can enable superior
dataflow (Figure 5) for all topologies'.

B. FiCCO Power Behavior

Concurrent kernel execution can utilize GPU power budget
more efficiently via utilization of heterogeneous resources
(compute, network, etc.). Prior work [4] analyzes concurrency
power and shows that power gets re-allocated between com-
pute and memory based on what is stressed. It also shows that
concurrent power can be higher than the isolated execution
of compute or communication. However, FiCCO harnesses
DMA communication which is more energy-efficient [49], and
thus FICCO power drawn will be lower. Finally, overlapping
computation and communication stands to mitigate problem-
atic power swings [17], [36], which is observed in the serial
execution of computation and communication.

C. FiCCO with Device-initiated Communication

Recent works such as GPU-initiated networking (GIN) [26]
enable GPUs to directly initiate communication, eliminating
CPU coordination overhead and allowing efficient fusion.
While beneficial, they also steal GPU core cycles to initiate
and manage communication and as such, both GIN and host-
initiated communication are judiciously employed. That said,
FiCCO is fully compatible with both device-initiated and
host-initiated communication and can be coupled with either.
FiCCO schedules and associated heuristics are mainly gov-
erned by static GEMM dimensions (op-to-byte and memory

'We avoid explicit competitive analysis in compliance with our host
industry institution’s publication policy.
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traffic) and as such these heuristics should also carry over
(with one-time tuning cost for thresholds) to device-initiated
communication.

IX. CONCLUSION

We make a case in this work for finer-grain compute-
communication overlap which we term FiCCO, where we
argue for finer-granularity, one-level deeper sharding than the
commonly deployed shard-level overlap, to unlock compute/-
communication overlap for wider set of network topologies,
finer-grain dataflow and more. We show that FiCCO opens up
a wider design space of execution schedules than possible at
shard-level alone and couple this with detailed inefficiency
loss characterization to provide heuristics to pick bespoke
schedules. Across scenarios from real-world ML deployments,
we demonstrate FICCO delivers up to 1.6 speedup.
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