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Abstract—We present a foundation for formalising the semantics
of NCCL, the NVIDIA Collective Communications Library. NCCL
is a key component in distributed machine learning and HPC
stacks that utilise NVIDIA GPUs. By combining analysis of the
official documentation with empirical testing of the library, we
present several key insights that characterise the concurrent
programming model of NCCL. This includes the introduction
of the concept of command matching for NCCL, and novel
explanations of the conditions under which undefined behaviour
may be observed.

Index Terms—NCCL, semantics, GPU concurrency

I. INTRODUCTION

The NVIDIA Collective Communications Library (NCCL,
pronounced ‘“nickel”) is a vendor-provided library for the
CUDA programming model [I], providing high-bandwidth,
topology-aware implementations of common multi-GPU rou-
tines such as all-reduce and all-gather [2]. These routines
are highly optimised for data transfers over PCle, RDMA, or
NVIDIA’s own NVLink/NVSwitch, making them ideal for use
in Al and HPC compute clusters [3], [4], [5]. Furthermore,
due to NVIDIA’s dominant position in the Al accelerator
market, with an estimated market share of over 80% [06],
NCCL is widely used for distributed AI/ML workloads. It
is the preferred backend for most major ML libraries including
PyTorch, TensorFlow, and JAX [7], [8], [9].

Despite its widespread use, NCCL has relatively brief
documentation [2] and no formal semantics. Crucial parts of the
library are not documented rigorously, such as the semantics
of command groups [10], and the difference between single-
threaded and multi-threaded patterns for issuing operations.
Given that many higher-level tools depend on NCCL, there is
a clear need to bridge these gaps in documentation in order to
ensure that machine learning and GPU-accelerated HPC stacks
are robust and reliable.

To take a rigorous approach to finding bugs in NCCL, and
ensure the correctness of its implementations — which cover a
broad range of possible hardware and network configurations
— it is a prerequisite to lay down a full formal semantics to
describe the library’s intended behaviour. As a first step to
that end, we present the results of a practical investigation
into the semantics of NCCL, based on a thorough review of
the available documentation and an empirical study of the
library’s behaviour on real hardware. We have developed a

litmus testing framework to express test cases concisely and
clearly, and facilitate running experiments reproducibly and
at scale on real hardware. We provide a selection of examples
that illuminate key behaviours of NCCL, and which may be
non-obvious or unintuitive. Finally, backed by our test results,
we provide novel, intuitive descriptions of common NCCL
programming patterns and concepts, including concurrency,
command groups, and command matching.

Data availability,. = We make our litmus testing
framework and test suite available as open source at
https://github.com/maxstu/nccl-empirical-semantics, with an
archive of the exact code used in this paper via Zenodo [11].

II. UNDERSTANDING NCCL

We present the technical background on CUDA and NCCL,
followed by a deep dive on several important NCCL concepts,
with insights gleaned from the library documentation and
through discussion with a NCCL expert from NVIDIA.

CUDA and NCCL. To understand NCCL as a library, we
should first review the basics of CUDA [1], the language it
targets. CUDA is a programming language based on C++ with
the additional ability to define functions that run on external
CUDA devices (typically GPUs), called kernels, and despatch
these kernels to run on available devices.

As GPU execution of kernels is asynchronous with execution
on the host, it may be necessary for the programmer to impose
explicit orderings or synchronisation points between them.
There are many tools available in the CUDA ecosystem that
target this problem [12], [13], [14], but the one primarily used
with NCCL is CUDA Streams [15]. Streams are ordered first-in-
first-out (FIFO) queues of work to be executed by a particular
device, and there may be many streams on each device. CUDA
provides the guarantee that, given two kernels issued towards
the same stream, the kernel issued first will be completed
before execution of the second kernel begins.

In addition to ensuring kernels are executed in the
correct order on the device side, streams can be
used to synchronise the host with the device. Calling
cudaStreamSynchronize(stream) will cause the host thread
to block until all operations on stream are complete [16]. Sim-
ilarly, the programmer can invoke cudaDeviceSynchronize
to block the host thread until operations on the current device
are complete [17].
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As many devices may be attached to a single host, CUDA
allows the programmer to designate which device to target
by calling cudaSetDevice(device). Doing so will cause all
subsequent kernel launches by the same thread to target device
until cudaSetDevice is called again to set another target. This
mechanism can be used to manage multiple GPUs from a
single thread sequentially, or, by spawning multiple threads,
one can manage several GPUs in parallel by assigning each
thread to manage a distinct device.

However, if the programmer wants to work with multiple
GPUs concurrently, it can be very challenging to synchronise
between all threads and devices involved. This is due to the
need to strike a fine balance that ensures synchronisation is
sufficient for correctness, but which avoids any unnecessary
stalls where one thread or device waits on another.

NCCL facilitates managing multiple GPUs connected within
a node or across a cluster in a uniform fashion. It provides
routines for common communication patterns that are optimised
for various network topologies, offering extremely low latency
and high throughput [18].

Collective Operations. The most important of these routines
are collective operations. These encompass eight operations
critical for distributed machine-learning workloads: broadcast,
scatter, gather, reduce, all-gather, all-reduce, reduce-scatter, and
all-to-all [19]. Each collective necessarily operates not only on
a single value, but on an entire buffer of data, which may be
modelled as an array. For example, ncclAl11toAll, illustrated
in Fig. 1, exchanges the i segment of the buffer on the j™ rank
with the j" segment from the i rank — in effect performing
a matrix transposition across ranks.

NCCL provides highly optimised implementations of each
collective for various common network topologies, which
is critical to avoid bottlenecks. For example, distributed
gradient descent requires an all-reduce at each step in order to
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keep weights synchronised across nodes. A poorly optimised
implementation can introduce excessive synchronisation stalls,
which drastically lowers cluster utilisation as the process
becomes network-bound rather than compute-bound [18].

Communicators and Point-to-Point Operations. To de-
termine which collection of GPUs should participate in a
particular collective operation, the programmer must create a
communicator [20]. A communicator is a subset of the available
GPUs that behaves as a fully connected clique, but in fact is
backed by a network topology, such as a ring or tree, that is
automatically configured by NCCL for efficient communication.
GPUs within a clique are commonly referred to as ranks, and
a GPU may appear as a rank within multiple communicators
at once. In order to create a communicator, the programmer
may generate a unique id for the communicator, then call
ncclCommInitRank with id for each device to be included in
the communicator. Each device must also be assigned a rank
identifier local to that communicator, such that if there are n
ranks in a communicator they are numbered from 0 to n — 1.

The library also facilitates point-to-point send and receive
operations [21]. This communication is two-sided: for a data
transfer to occur, the host must issue both a send command
to the source rank, and a matching receive command to the
target rank. Furthermore, multiple sends and receives may
be combined together to allow the user to define their own
collective operations beyond those provided. As with collective
operations, all senders and receivers must be within the same
communicator clique.

Groups and Command Matching. Beyond individual op-
erations, NCCL provides a mechanism for batching several
operations together, called group calls. The documentation
states that groups are used for three distinct purposes [10]
(labels added): “(1) managing multiple GPUs from one thread
(to avoid deadlocks), (2) aggregating communication operations



to improve performance, or (3) merging multiple send/receive
point-to-point operations.” Furthermore, it states that “All three
usages can be combined together, with one exception: calls to
ncclCommInitRank() cannot be merged with others.”

A related concept to groups is command matching. The
library documentation describes several ways in which com-
mands may be combined, including “aggregating” and “merg-
ing” (as seen above), as well as “fusion”. These terms are
used without a clear prior definition, and it is at times unclear
whether there is intended to be some overlap in their meanings,
or if they are to be understood as referring to entirely separate
concepts. For the avoidance of any confusion or disagreement
with the documentation, we use a separate term not present
in the documentation. We define matching as the process by
which two or more communication commands, across one or
more threads, are combined to form a single operation.

As a rule, communication commands must be matched
in order to have well-defined semantics. One of the reasons
why groups are so important is that commands issued from
the same thread may only be matched if they are grouped
together. Fig. 2 shows an illustration of the full command
execution pipeline, including matching. In this example, each
of three threads manages a single rank, and all three ranks
are members of a single communicator clique. Each thread
issues a ncclBroadcast to a stream on the corresponding
rank. Once each copy of the command reaches the head of
its stream, the commands are matched across all three ranks
in the communicator, and the broadcast executes, transferring
data between the three ranks accordingly.

Relation to MPI. The experienced reader may find a number
of these concepts familiar from the Message Passing Interface
(MPI) [22]. Ranks, communicators, collective communication,
and two-sided point-to-point messages deliberately follow MPI
in their design. Indeed NVIDIA makes clear that they intend
NCCL as the GPU-oriented analogue of MPI [23].

Much work has already been dedicated towards the formalisa-
tion of MPI, including model-checking semantics for blocking
and non-blocking operations by Siegel et al. [24], [25], a TLA+
specification of MPI 2.0 and the ISP dynamic verifier from
Gopalakrishnan et al. [26], [27], [28], and protocol types for
verifying collective matching due to Lopez et al. [29].

A core element of work on formalising MPI is the non-
determinism of receives using the wildcard MPI_ANY_SOURCE,
which NCCL does not have. Rather, NCCL has its own unique
challenges: characterising the interaction between host-side
threads that issue commands, and device-side ranks that execute
them; the relevance of CUDA Stream ordering semantics, as
all commands must be first enqueued onto a stream before
execution; and the introduction of command groups, which
affects the matching and execution of commands. Therefore,
whilst work on formalising MPI is relevant, none of it is directly
analogous to the formalisation required for NCCL.

III. LitMUS TESTING FRAMEWORK

To rigorously investigate NCCL, and to ensure our claims
are empirically backed, we have developed a litmus testing
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cudaSetDevice(rankl);
ncclBroadcast(srcl, dstl, K,

Fig. 4. Multi-threaded broadcast

framework with three goals: 1) express test cases concisely
and clearly; 2) run tests repeatedly under consistent conditions
to either observe unexpected behaviours or build confidence
in their absence; 3) allow tests to capture a variety of
configurations including various numbers of host threads,
devices, and communicator configurations.

To achieve this, we created a domain-specific language (DSL)
that captures the fragment of CUDA relevant to expressing
programs using NCCL. Our DSL allows us to express test
cases without the extensive boilerplate and environment setup
required when writing them directly in CUDA. We also
implemented a compiler that converts concise litmus tests
expressed in our DSL to full CUDA test programs. Finally,
we implemented a test harness in Python that launches tests,
monitors their progress, captures results, and automatically
checks whether their outcomes conform with the expected
semantics. Fig. 3 shows how these components interact.

Our framework allows the expression of arbitrary test cases
with respect to the number of threads and ranks, the number
of streams and buffers allocated per rank, the size of allocated
buffers, and the manner in which ranks are grouped into
communicators. The tests in this paper were run using up to
three NVIDIA A100 GPUs connected on a single node via PCle,
using CUDA version 12.9.0 and NCCL version 2.28.9. Further
details, including how to replicate these experiments and a full
specification of the DSL, are available in our artefact [11].

IV. LitTMUS TESTS AND INSIGHTS

In these examples, we show relevant snippets from one or
more program threads as distinct code blocks, labelled with
7, to denote the n™ thread. We assume that variable names
srcN and dstN are pointers to disjoint integer arrays of a fixed
length K that are zero-initialised. Each example has exactly
one communicator, with commN as the handle of rank N to that
communicator, and these examples only use a single stream
per rank, given by streamN for rank N. Where obvious, we
elide these arguments from NCCL invocations. For litmus tests



std::fill_n(srco, K, 42); 70
ncclGroupStart();
cudaSetDevice(rank0);
ncclBroadcast(srcO, dsto, ..., ranko, ...);
cudaSetDevice(rankl);
ncclBroadcast(srcl, dstl, ..., ranko, ...);
ncclGroupEnd() ;

src0 = dst0 = dstl = (42)% v/

Fig. 5. Broadcast using a group
70 cudaSetDevice(rankl);
ncclBroadcast(...);
T2 cudaSetDevice(rankl);
ncclAllReduce(...);

Fig. 6. Potential command mismatch causes UB

cudaSetDevice(rank0);
ncclBroadcast(...);

=
=

with a well-defined outcome, we write the outcome below the
example, using v/ to indicate the outcome is valid, and listing
statements that hold in that outcome separated by commas.
In describing a program’s terminal state, we use = to denote
element-by-element equality of arrays, and write (v)Y for the
array of length N where each element holds value v.

We have validated the behaviour of these litmus tests in
practice using our testing framework, running each test at
least 100,000 times to attempt to catch any non-deterministic
behaviour. Through conversation with the development team at
NVIDIA, we have also confirmed that these results are intended
to generalise to other hardware configurations.

cudaSetDevice(rank0);
ncclAllReduce(...);

Single- and Multi-Threaded Collectives. One of the simplest
examples we could consider is a broadcast from one rank to a
single peer. Fig. 4 shows how this could be done using one
thread to manage each rank, while Fig. 5 shows how a group
may be used to manage both ranks from a single thread.

In either case, the two broadcast commands are matched,
by virtue of the fact that they are the same operation, operate
on data of the same size and type, agree on the root rank, and
target the same communicator. It should be noted that the use
of a group is strictly required in the single-threaded example,
as otherwise the call to rank 0 may be blocked waiting for the
corresponding rank 1 call to match.

Command Matching. Importantly, note that collectives
require every rank in the clique to participate; if we elided,
in either example, the broadcast targeting rank 1, matching
would fail, and the call to rank 0 would be blocked. In general,
programs containing commands that might not match have
undefined behaviour (UB), which is most commonly observed
as a deadlocked state: this is because there may be a knock-on
effect from the command remaining blocked which can cause
commands issued towards the same communicator, stream or
rank, or by the same thread, to fail to execute.

One execution of a program in which matching fails is
sufficient for UB; in Fig. 6 the commands match so long as
both 79 and 7y execute their commands before either of 75 or

T3, Or vice versa; however, in any other interleaving they will
fail to match, so the program contains UB because in at least
one interleaving matching fails.

Group Calls. We have reviewed the high-level character-
isation of the functions of group calls, as identified in the
documentation. Now we will clarify the low-level behaviour of
groups. In short, groups disable blocking within a sequence of
commands. This allows commands later in the group to become
eligible for matching without depending on the completion of
prior commands. Consider Fig. 7: data is passed from one rank
to the next using point-to-point operations, with the final rank
sending data to the first.

To achieve this pattern without using groups, it is necessary
to strictly order all sends and receives to avoid a deadlock:
for example, the order of the operations as written would lead
to a deadlock in the absence of the use of groups, as each
call to ncclSend would block, waiting for the corresponding
ncclRecv; therefore no ncclRecv could ever be issued. The
use of a group allows the commands to be freely rescheduled
to prevent this deadlock from occurring.

Group Ordering and Matching. Groups allow the execution
of commands to be freely reordered, or executed concurrently,
but do not affect matching, which must still occur in order.
This distinction is not made in the documentation, but became
apparent in our testing. Consider Fig. 8: if commands could
be reordered for matching purposes, this would be a legitimate
example, but in fact the documentation makes clear this
program is not allowed, and in our discussions with NVIDIA
they clarified that this example has undefined behaviour. The
order of the commands in one of the threads must be reversed
for the program to be well-defined.

It is, however, worth noting that this does not imply the
stronger requirement that groups must contain an equivalent
list of commands across threads. For example, Fig. 9 shows a
broadcast called across three ranks in a communicator using
two threads, where one issues a solitary broadcast command
to one rank, and the other uses a group to issue the commands
to the other two ranks. While it is not apparent from the
documentation whether or not this is a legitimate way to invoke
an operation, we found it to work in practice, and confirmed
with NVIDIA that it is a supported pattern.

A consequence of the reordering permitted by groups is
that if distinct commands access the same data, there will
be a data race if at least one access is a write. It is not
possible to enforce synchronisation within a group using
cudaStreamSynchronize [10]. According to our discussions
with NVIDIA, programs with data races have undefined
behaviour: thus, due to a write-write race on dst2, the example
in Fig. 10 has UB.

V. FUTURE WORK

This work lays a strong foundation for formalising NCCL.
We have given intuitive descriptions of several core features of
the library, which should be made rigorous and formal. Our
testing framework can be scaled to a comprehensive test suite



std::fill_n(srco, K, 7); )
cudaSetDevice(rank0);
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cudaSetDevice(rankl);

std::fill_n(src2, K, 153); 72
cudaSetDevice(rank2);

ncclGroupStart(); ncclGroupStart(); ncclGroupStart();
ncclSend(srco, ..., rankl, ...); ncclSend(srcl, ..., rank2, ...); ncclSend(src2, ..., ranko, ...);
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Fig. 7. Point-to-point data exchange
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Fig. 8. Incorrect command order causes UB
std::fill_n(srco, K, 42); ()
cudaSetDevice(rank0);
ncclBroadcast(src@, dsto, ..., ranko, ...);
ncclGroupStart(); )

cudaSetDevice(rankl);

ncclBroadcast(...,dstl, ..., ranko, ...);

cudaSetDevice(rank2);

ncclBroadcast(...,dst2, ..., ranko, ...);
ncclGroupEnd();

srcO = dst0 = dstl = dst2 = (42)¥ /
Fig. 9. Partial grouping of broadcast commands

that may identify whether there are any divergences between
the behaviour intended by the developers of NCCL and the
behaviour of its implementations in practice.

Our aim is that this work will support the development of a
fully fledged operational semantics for programs written using
NCCL and relevant parts of CUDA. A formal model would
support further investigations into the reliability of NCCL.
It would enable the construction of proofs of correctness
for NCCL programs, and could be used as the basis for
automated bug finding with strong guarantees of soundness or
completeness. We also aim to expand the scope of our testing
framework beyond multiple threads running on a single node,
to arbitrary arrangements of processes running across nodes.

A semantics for NCCL could also support investigations
into related libraries. AMD’s collective communication library

T0O T1

cudaSetDevice(rankl);
ncclGroupStart();

cudaSetDevice(rank0);
ncclGroupStart();

ncclBroadcast(srcO, ncclBroadcast(src2,
dsto, ..., ranko, ...); dst2, ..., ranko, ...);
ncclBroadcast(srcl, ncclBroadcast(src3,
dstl, ..., ranko, ...); dst2, ..., ranko, ...);
ncclGroupEnd(); ncclGroupEnd() ;

Fig. 10. Write-write data race on dst2

RCCL (ROCm Communication Collectives Library) is intended
to be API-compatible with NCCL [30], so one may reasonably
expect their semantics to be very similar. There are also
a variety of other libraries that implement communication
collectives, such as Microsoft’s MSCCL and MSCCL++ [31],
[32], which may be characterised by a similar semantics.
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