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Towards ML System Extensibility

Weixin Deng’, Andy Ruan®, Megan Frisella®, Kai-Hsun Chen’, SangBin ChoT,
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ABSTRACT

With the rise of large language models, distributed execution
across multiple accelerators has become commonplace. Cur-
rent ML systems must adopt complex distributed execution
strategies for efficiency, but do so at the cost of extensibility.
We believe that it is time to introduce a general-purpose
distributed runtime for programming clusters of accelerators
that enables: (1) placement flexibility, and (2) interoperability,
without sacrificing (3) codesign. We propose using the DAFT
APL distributed actors, futures, and tasks. To enable a smooth
tradeoff between flexibility vs. performance, we introduce
two execution modes: interpreted vs. compiled. We show
how current applications in LLM inference and training can
be executed as interpreted and compiled DAFT programs
and discuss open questions and challenges.
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1 INTRODUCTION

Large language models (LLMs) have revolutionized Al appli-
cations. They are also highly resource-intensive, inspiring a
renaissance in efficient ML systems. A key change driven by
LLMs is that distributed execution across multiple accelera-
tors is now commonplace. This is now true for pre-training,
post-training, offline inference, online inference, and com-
binations thereof. Consequently, ML systems now require
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increasingly complex distributed execution strategies, includ-
ing 4D parallelism for pre-training [13, 18, 22, 36], prefill-
decode disaggregation for online inference [28, 45], and of-
floading of compute and/or memory to the CPU [15, 31, 35].

Recent open-source ML systems have adopted such strate-
gies for better performance and scale. However, as ML frame-
works support more complex distributed execution strategies,
extensibility suffers. For example, the vLLM [14] framework’s
control plane was designed to minimize data movement be-
tween the CPU and GPU for tensor-parallel (TP) inference,
but the same optimization turned out to introduce bottle-
necks for pipeline-parallel (PP) inference (Section 2).

Given these trends, a key question arises: how do we build
performant and extensible ML systems in the face of constantly
evolving applications and hardware? In this paper, we study
the distributed problem. Note that single-node or even single-
GPU systems can be viewed as “distributed”, since at mini-
mum GPUs require coordination with the CPU. We consider
extensibility along three dimensions:

(1) Placement flexibility: Can the developer control when
and where computations should execute?

(2) Interoperability: Can the system be easily and effi-
ciently composed with other systems?

(3) Codesign: Can the developer introduce performance
optimizations specialized to the workload?

(2) implies that we need an intermediate abstraction to unify
different ML systems. (1) implies that the abstraction should
decouple the data plane from the control plane. The challenge
is how to achieve these without sacrificing performance (3).

Most distributed ML systems today optimize entirely for
(3), sacrificing (1) and (2). They use the single program mul-
tiple data (SPMD) model, which runs one copy of the same
program on each accelerator (Figure 1a). SPMD makes it
simple to express distributed programs that execute in lock-
step, such as in data-parallel (DP) training. It is also efficient
because all computation and communication operations are
specified ahead of time, eliminating control plane overhead.

However, SPMD programs also tightly couple the user
code to a static execution strategy and device placement.
Supporting dynamic control flow and arbitrary parallelism
strategies is difficult. This is because modularity and com-
position is challenging; orchestrating two SPMD programs
requires direct modification to schedule the two programs.


https://doi.org/10.1145/3713082.3730392
https://doi.org/10.1145/3713082.3730392
https://creativecommons.org/licenses/by/4.0/

HOTOS 25, May 14-16, 2025, Banff, AB, Canada

While SPMD’s limitations have been noted before [7, 19,
34], most open-source ML systems today are still built with
SPMD. We believe this is because the community lacks a fully
extensible and performant alternative. We propose such a sys-
tem and in particular the distributed actors, futures, and tasks
(DAFT) API for programming clusters of accelerators (exam-
ple in Figure 1b). DAFT supports distributed dataflow graphs
with arbitrary user-defined functions. The system uses a sin-
gle controller [7], i.e. a centralized scheduler to coordinate
cluster resources and communication operations.

Previous works such as Ray [25] have used the DAFT
API to improve extensibility of CPU-centric dataflow sys-
tems [23, 25, 26, 38, 39]. However, extending current DAFT
systems to support ML workloads is challenging due to the
differences between CPU and accelerator execution. As an
analogy, single GPU performance depends on the CPU run-
ning ahead of the GPU, dispatching as many kernels for
execution as possible before synchronizing the device. The
same principle applies to the controller of a distributed GPU
pool. However, to support dynamic scheduling, the controller
must synchronize with the workers.

Our key idea is to smoothly trade off between dynamic
vs. static execution by introducing two DAFT execution
modes: interpreted vs. compiled. An interpreted DAFT pro-
gram executes eagerly, one task at a time. A compiled DAFT
program freezes the dataflow graph, allowing the system to
execute control plane decisions at compile time. We propose
supporting both modes in the same system and allowing the
two modes to interoperate in one application. Thus, we hope
to provide the best of both worlds: flexibility and debugga-
bility along with high performance.

We have built a prototype for compiled DAFT based on
the system Ray [25, 39]. Ray is an interpreted DAFT system
with a custom CPU-based object store. It does not support
GPU objects nor compiled DAFT. We show that a compiled
mode can reduce Ray’s control plane overhead to provide
performance on par with the SPMD-based vLLM system [14]
for LLM inference and the SPMD-based PyTorch library for
data-parallel training [18]. We conclude with a discussion of
open systems challenges and opportunities.

2 MOTIVATION

We overview recent LLM inference systems to show today’s
difficulties with extensibility. Similar trends can be seen in
training systems [18, 30, 36, 42], but we focus on inference
as there is greater need for dynamicity.

As background, LLM inference is split into two phases:
prefill, which processes an input prompt, and decode, which
generates output tokens one token at a time. Typically, the
system caches the state per prompt in the key-value cache
(KV cache), whose size is proportionate to the context length.
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model = modelA if self.rank == 0 else modelB
while True:
if self.rank == 0:
inp = torch.rand(N, device="cuda")
tensor: torch.Tensor = model.execute(inp)
send(tensor, peer=1)
else:
tensor = torch.zeros(N)
recv(tensor, peer=0)
output = model.execute(tensor)

(a) SPMD program
@ActorClass(num_gpus=1)
class ModelA:
@TypeHint(type=torch.Tensor, comm="nccl", shape="auto")
def execute(self, input: torch.Tensor) -> torch.Tensor:
return self.model.execute(input)

@ActorClass(num_gpus=1)
class ModelB:
def execute(self, tensor: torch.Tensor) -> torch.Tensor:
return self.model.execute(tensor)

A, B = ModelA.remote(), ModelB.remote()

def schedule(A: Actor[ModelA], B: Actor[ModelB]):
inp = torch.rand(N, device="cuda")
tensor_ref: Ref = A.execute.remote(inp)
output_ref: Ref = B.execute.remote(tensor_ref)
output: torch.Tensor = daft.get(output_ref)

(b) DAFT program

input output

(c) Dataflow graph for (b)
Figure 1: Code samples for a simple chain of two models. In
(a), the SPMD-style program is simple but does not support
dynamic inputs, dynamic tensor shapes, dynamic scheduling,
communication-computation overlap, failure detection, and
sending CPU metadata alongside the GPU tensor. (b) only
requires modifying the execute definition to support these.

(1) Placement flexibility. Large models are typically sharded
across multiple GPUs. Tensor parallelism (TP) shards each
layer, which reduces latency but requires more communica-
tion. Pipeline parallelism (PP) shards by layer and pipelines
across devices, which improves throughput but not latency.

Even a single model replica’s control plane is nontrivial to
implement. The scheduler decides how to slice requests into
batches of prefill and/or decode tokens. The scheduler must
transfer metadata and data, e.g., request ID and prompt, to
and from the workers without becoming a bottleneck.

For example, vVLLM initially used a single controller design
built on Ray, hosting the scheduler and each GPU worker
in separate processes. However, Ray’s dynamic RPC-based
task dispatch caused high overheads from copying metadata
first from the scheduler to each worker CPU, then from each
worker CPU to GPU. Thus, vLLM+Ray interpreted has the
worst throughput in the inference benchmark in Figure 2.
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Figure 2: vLLM throughput with different control planes.
vllm+Ray uses separate processes for the scheduler and work-
ers, vLLM (SPMD) colocates the scheduler with a worker. Ray
interpreted uses one RPC per task, while Ray compiled exe-
cutes an entire task graph in one round-trip. Server: NVIDIA
4xA100 SXM 80GB; model: Llama 3.1 8B; dataset: ShareGPT.

To avoid these overheads, a later iteration of vLLM rewrote
the system using SPMD, co-locating the vLLM scheduler
with the rank 0 GPU worker. TP throughput improved, as
the scheduler could copy just to its local GPU, then broadcast
over inter-GPU links (vLLM SPMD, Figure 2). Unfortunately,
this also worsened PP throughput: PP relies on the scheduler
to keep the pipeline full, but the scheduler could now be
delayed by the colocated worker’s GPU execution.

TP vs. PP is the most basic placement decision. Strategies
such as speculative decoding [17], mixture-of-experts [33],
and offloading [15, 35] multiply the possible placement choices.
(2) Interoperability. Composition of ML systems can un-
lock new efficiency gains. Unfortunately, current frameworks
are built monolithically and do not interoperate. This prob-
lem occurs even across deployments of the same framework.
Prefill-decode (P-D) disaggregation, for example, places pre-
fill and decode requests on different inference deployments
for performance [28, 29, 45]. This requires transferring KV-
cache between GPUs. Doing so efficiently requires coordina-
tion across different workers’ local compute tasks.

Compound Al systems can also unlock new applications.
Many post-training techniques apply reinforcement learning
(RL) to LLMs, including RL from human feedback (RLHF) [27]
and RL for reasoning [11]. These applications compose infer-
ence and training, which require different optimizations and
frameworks. RL for LLMs also often requires multiple models
that share resources for efficiency. For example, models may
share model weights to reduce the GPU memory needed.

Thus, RL for LLMs must synchronize model weights and
transfer the dynamically generated training data between
workers and frameworks. Today, data ingest and egress re-
quires patching these frameworks [34], and there is little
support for more complex orchestration strategies such as
for asynchronous RL algorithms.

(3) Codesign. The potential risk of introducing an interme-
diate framework for LLM inference is that we limit devel-
opers’ ability to specialize to the workload. LLM inference
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is a fast-evolving field, and it is critical to support custom
communication [1, 4] and compute [10, 41] kernels. Similarly,
instead of restricting developers to one compiler stack, our
goal is to interoperate with existing technologies such as
torch.compile [6] and CUDA graphs [2].

The developer must also have control over system over-
heads. Higher control plane overheads can be acceptable
during development, if the application is inherently dynamic,
and/or if tasks and data transfers can be sufficiently pipelined.
Ideally, the system should provide a smooth performance
tradeoff between dynamic vs. static applications. For exam-
ple, while LLM inference has static subroutines, such as one
TP forward pass, developers must have the flexibility to dy-
namically invoke, modify, and compose these static subrou-
tines, e.g., migrating KV-cache in response to load.

3 DAFT FOR DISTRIBUTED GPU
PROGRAMMING

We address the problem of extending the DAFT API with first-
class support for accelerators. Thus, we first briefly explain
the challenges of accelerator-centric distributed execution
using NVIDIA GPUs as an example.

3.1 Challenges of distributed GPUs

GPUs lack OS abstractions such as network sockets. Thus,
many of the features that an OS would typically provide must
be managed by the CPU. This produces the central tension:
extensibility calls for more CPU coordination across GPUs, but
performance requires the CPU to run ahead of the GPU.

We list some desirable features that an OS would normally
help support. First, GPUs lack efficient CPU communica-
tion primitives such as variable-size messages, which require
sending both metadata, i.e. the message size, and the data.
This is because all data movement in and out of the GPU
must be coordinated by the CPU. For example, the CPU must
pre-allocate buffers of the correct size (line 8 in Figure 1a).
Requiring metadata to be exchanged first may require ex-
pensive synchronization between the CPU and GPU.

Second, asynchronous GPU communication is challenging.
While CUDA streams enable some concurrency, operations
must still be serially executed if resources are oversubscribed.
Kernels are also not preemptible. Thus, communication op-
erations must be executed by each device in the same or-
der to avoid deadlock and ideally simultaneously to avoid
stalling [3]. The CPU must also coordinate overlapping GPU
compute and communication [18, 42]. While one-sided GPU
communication primitives backed by GPU RDMA can reduce
some of this complexity, typically the CPU is still needed
to coordinate the distributed GPU buffers, e.g., to prevent
writing to a local buffer that a remote GPU is reading.
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Third, GPU failure handling is complex and software sup-
port is less mature. Many distributed ML applications require
collective GPU execution. Failures manifest as hung collec-
tive operations, likely blocking other operations too. Thus, at
large scale, failures are difficult to root cause. Also, collective
communication libraries such as NCCL [3] are expensive to
(re)initialize and only support static membership.

Thus, while the SPMD program in Figure 1a is simple, it is
also insufficient for scenarios involving variable-size tensors,
asynchronous communication, and/or failure handling. For
example, to extend Figure 1a to send tensors with different
sizes and message handlers, the rank 1 process would need
to know: (a) the order of tensor sends, (b) the handlers to ex-
ecute, (c) the tensor shapes, and (d) when rank 0 begins send,
to prevent idle waiting. While none of these are fundamen-
tally impossible to implement, today’s systems eventually
implement some subset and do so differently, which dupli-
cates effort and complicates interoperability.

3.2 DAFT

We propose using DAFT for distributed GPU programming.
Actors are stateful workers that can be dynamically created
and destroyed and are associated with one or more devices
(line 1 in Figure 1b). Anyone with a handle to an actor can
create an actor task by calling an RPC-like function. This re-
turns a distributed future (Ref in Figure 1b), i.e. a reference to
the eventual return value, which may reside in remote mem-
ory. daft.get blocks and fetches a copy of the Ref’s value to
the caller. Values are immutable to ensure consistency.

A caller can asynchronously create multiple tasks before

get-ting the results. Refs can be passed as arguments to
other tasks to specify data dependencies. For example, to
extend Figure 1b to transfer tensors with different sizes and
message handlers, one could: (a) repeat the A. execute. remote
call with different inputs, (b) specify different handlers by
calling different tasks on B, (c) return tensors of any shape
from ModelA. execute, while allowing the system to handle
buffer allocation and (d) process synchronization.
GPU dataplane. The controller does not know at task sub-
mission time whether it returns CPU data, GPU data, or both.
Thus, when a dependent task is submitted, the controller may
not yet know how to coordinate the transfer. To solve this,
we propose type hints to annotate function return values.
For example, line 3 in Figure 1b hints that ModelA.execute
returns a torch.Tensor to transfer via NCCL. The system can
then schedule the tensor transfer from A to B at line 16, even
before A.execute has finished. Ideally, the more hints the
developer can provide, the lower the system overheads.

Table 1 further extends DAFT for collective communica-
tion. The caller can initialize a communicator for a group
of actors, then pass the communicator and a list of Refs to
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init(List[Actor]) — Comm |Initialize the communicator.
allreduce(List[Ref],
Opt[Comm]) — List[Ref]
TypeHint(Type, Comm,
Shape[Type])
destroy(Comm)

Asynchronously allreduce a list of dis-
tributed futures, using the optional Comm.
Annotation for actor methods that return
GPU data with the given Type.

Tear down the communicator.

Table 1: Example DAFT APIs for GPU communication.

collective operations such as allreduce. The application may
specify a custom Comm implementation and can use custom
communication kernels within a task definition.
Execution model. Under eager execution, the system will
try to execute each task as soon as it is invoked. Eager exe-
cution is easier to program and debug but can lead to higher
system overheads. For example, in Figure 1b, the system does
not know how tensor_ref will be used when it is created at
line 15. Thus, the tensor transfer from actor A to B cannot
start until the controller invokes B.execute at line 16.

Some dataflow graphs may be provided entirely ahead of
execution, instead of one task at a time. Then, lazy execution
can effectively hide the above overheads, as discussed in [7].

When the dataflow graph is also executed many times

on different inputs, compilation achieves further benefits be-
cause the system can perform operations such as scheduling
and resource allocations at compile time. For example, the
system could expose this functionality through a compile
call that traces all DAFT calls (.remote and .get) in a user-
defined function (e.g., schedule in Figure 1b). We discuss
applications suited for compilation in Section 4.
Fault tolerance. Failure handling in current ML systems
is relatively limited: training uses global checkpoint and
restart [32] while many inference systems do not consider
failures [20, 29, 45]. DAFT enables advanced fault tolerance
schemes. The system is aware of data dependencies and could
propagate failures such as actor crashes to downstream tasks
and get calls. Upon detection, the controller could dynami-
cally reconfigure using interpreted execution, then compile
a new DAFT program for normal execution.

4 APPLICATIONS

We overview different applications and show how they can
be executed as interpreted and/or compiled DAFT programs.
LLM inference. In TP inference (tp_schedule, Figure 3a),
the scheduler sends the same input batch to all actors, and
gathers the first result (all results are identical). In PP infer-
ence (pp_schedule), the scheduler sends the input batch to
the first actor, and each actor sends its intermediate activa-
tions to the next actor. Pipelining is achieved by scheduling
multiple batches concurrently.

Both schedules produce a static dataflow graph (Figures 3b
and 3c). The duration of each model forward pass may be
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workers = [Worker.remote(i) for i in range(W)]

def tp_schedule(input):
results = [worker.exec.remote(input) for worker in workers]
return daft.get(results)[0]

def pp_schedule(input):
for worker in workers:
input = worker.exec.remote(input)
return daft.get(result)

def transfer(request, prefill_group: List[Worker],
decode_group: List[Workerl):
kv_cache_ref = prefill_group.get_kv.remote(request)
return decode_group.enqueue.remote(request, kv_cache_ref)

(a) DAFT programs for LLM inference

input

activations

Worker.exec ‘

input output

(b) TP dataflow (c) PP dataflow
Figure 3: (a) DAFT programs for TP, PP, and KV-cache trans-
fer in LLM inference. (b-c) The TP and PP dataflow graphs
produced by (a). White nodes are inputs, gray nodes are out-
puts, each other color is one GPU task.

only 10s of ms. Thus, compiling the tp/pp_schedule func-
tions is both suitable and critical for performance. In Fig-
ure 2, our compiled DAFT prototype shows that compiled
execution improves TP throughput to within 12% of the
SPMD-based vLLM, while improving PP throughput by 67%.
DAFT programs can also be composed. For example, Fig-
ure 3a (transfer) shows how to orchestrate a KV-cache trans-
fer between actors. Eager execution enables dynamic selec-
tion of the prefill and decode Worker groups.
Distributed training. Training large models requires paral-
lelism along many dimensions: TP, PP, data parallelism (DP),
and more [22, 33, 36]. For example, in DP [18], each worker
executes a model replica over a different data batch, then
allreduces the gradients during the backwards pass (Figure 4).
This can be expressed with DAFT in 10s of LoC.
Distributed training is mostly static, so compiled DAFT
can eliminate the overheads of specifying and scheduling
the dataflow graph. Compilation can also apply important
optimizations such as compute-communication overlap [18].
To demonstrate this, Table 2 compares DP training through-
put for ResNet152 [12], using PyTorch DDP [18] vs. Ray. As
expected, Ray Interpreted has high overheads from unneces-
sarily copying data between GPU and CPU. Ray Compiled
eliminates these overheads and overlaps compute and com-
munication to achieve parity with PyTorch DDP.
RL for LLMs. RLHF can be expressed as a composition
of the inference and training dataflow graphs in Figures 3
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and 4. Composition can be done either dynamically, useful
for elastic scaling, or statically, if control plane overheads
become a bottleneck. By decoupling the data plane from the
control plane, DAFT also allows the developer to declara-
tively choose how to transfer data, e.g., through collective
communication (Table 1) or p2p transfers.

5 RELATED WORK

ML control planes. TensorFlow v1 [5] and Pathways [7]
are ML systems that use a single-controller dataflow model.
TensorFlow v1 can be used to distribute tensor dataflow
graphs but not arbitrary code containing a mix of tensor
and other application logic. Pathways is closed-source as
of this paper’s writing, but we believe it may have similar
limitations. Our interpreted execution mode is inspired by
Pathways’ system design; we extend upon it with the DAFT
API to support arbitrary application code.

Compared to other ML algorithms, RL requires dynamic
task parallelism, which is difficult to support with SPMD [25].
Thus, systems such as RLIlib [19] and HybridFlow [34] use
Ray to orchestrate and compose tasks. Ray is a widely used
interpreted DAFT system, but it lacks support for GPU-based
distributed futures and compiled execution, and thus has
limited applicability to the ML applications in Section 2.

Most other ML systems [9, 18, 36, 42, 44] are written in
SPMD. Some of these systems support MPMD patterns such
as pipeline parallelism (PP) but extensibility, e.g., modify-
ing the PP schedule, is limited. Legion [8] supports the ML
framework FlexFlow [24, 37] and provides an alternative API
to SPMD and DAFT: a logically partitioned global address
space with dynamic task parallelism.

ML compilers. Compilers [6, 16, 37, 40, 43] are widely
used for distributing model training. Most of these systems
compile to an SPMD program. Application of compilers to
distributed inference is less common due to the need for
custom communication kernels and dynamic execution. We
hope that our work can augment compilers by providing a
common distributed runtime for both training and inference.

6 DISCUSSION

Distributed memory management. The DAFT programs
shown so far orchestrate between actors, leaving the user
to manage each actor’s local state. However, this usually
includes GPU state that must be managed in concert with
inter-GPU communication, e.g., to avoid OOM. For example,
in fully sharded data parallelism (FSDP) [42], each actor’s
local state is one weights shard, which is allgather-ed during
execution. The maximum amount to allgather at a time is
limited by each actor’s local memory usage.

We envision building an automatically managed distributed
tensor store using DAFT. The user would write high-level
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PyTorch Ray Ray |Ray Compiled
DDP [18]|Interpreted |Compiled| +overlap
Throughput (samples/s)‘ 106 ‘ 19 ‘ 93 107

Table 2: Throughput for data-parallel training, averaged over 40 steps.
Figure 4: A dataflow graph for data- Server: 4xNVIDIA L4 24GB GPUs; Model: ResNet-152. “+overlap” trans-
parallel training of a 2-layer model with parently overlaps communication and computation, a key optimization

two replicas. AR=allreduce.

code using distributed tensor references, while the system
manages distributed memory operations such as rematerial-
ization, replication, migration, and fault tolerance.

Compiler codesign. A primary challenge in building a
distributed tensor frontend is performance; eagerly execut-
ing each distributed tensor operation with interpreted DAFT
is simple but slow, requiring many controller round trips.
A promising approach is to generate compiled DAFT frag-
ments using a just-in-time (JIT) compiler frontend such as
TorchDynamo [6]. Operations that can be compiled ahead of
time are batched, while those that can’t are executed eagerly.

Broadly, we see the codesign of compilers and distributed
systems for ML workloads as a critical opportunity and chal-
lenge. Thus far, we have compilers that can reason about
distributed operations [37, 40, 43]. But a pure compiler ap-
proach is limited: it is difficult to adapt to changes such as
failures and to incorporate run-time information. Conversely,
most distributed ML systems interpose at the orchestration
layer and treat GPU compilation as a black box.

As an example, consider the problem of GPU multiplexing.
Time slicing GPU kernels is difficult, and the mapping to
compute units is opaque. Thus, interference between over-
lapped kernels, such as for compute and communication,
can be difficult for a compiler to predict [46]. Meanwhile,
reducing interference requires modifying application logic,
which could be made transparent with compiler support.
Message passing. Message passing is an alternative API
for composing ML systems. For example, a developer could
encapsulate each system in an actor and orchestrate by send-
ing messages in between. An advantage of this architecture
is that it avoids any centralized bottleneck.

However, message passing is best suited to loosely coupled
systems that can safely execute messages in any order. It
is cumbersome when resources must be shared between
systems, such as in RL for LLMs (Section 2). Users must
also be careful to avoid deadlocks, which can be challenging
when using collective GPU execution. For example, consider
an LLM inference system using P-D disaggregation and TP
within each replica. Such a system can deadlock if the GPUs
in a decode replica receive KV cache for different requests in
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different orders, as the replica cannot execute a decode step
until an entire request’s KV cache is received.

DAFT is better suited to such cases because centralized
scheduling allows for tight control over resources and sim-
plifies deadlock prevention. However, while compilation can
help mitigate run-time overheads, centralized scheduling
can become the bottleneck, e.g., in large-scale and highly dy-
namic workloads. In this case, one could leverage a collective-
aware message passing API to loosely couple distinct DAFT
systems. Exploring the combination of the two approaches
is a promising direction towards further scale.

Improving GPU primitives. To improve the efficiency of
high-level primitives such as message passing or DAFT, we
must also address limitations at the lower layers. For exam-
ple, while one-sided GPU communication promises better
performance, it remains constrained: developers must either
build upon low-level Infiniband verbs, which may be com-
plex and inefficient, or they can use higher-level libraries
such as NVSHMEM or NCCL that restrict programmability.
Others have proposed improvements on the former, e.g., of-
floading point-to-point GPU communication to the hardware
to reserve valuable SMs for overlapped compute [21]. We
also identify potential improvements for collective libraries
such as NCCL, including: (1) dynamic process membership
without expensive reinitialization, (2) tagged asynchronous
communication operations to reduce coordination overhead,
(3) kernel preemption to mitigate deadlocks, and (4) improved
error propagation to support failure detection and handling.
These features can ease the goal of achieving flexible orches-
tration without sacrificing performance.

Conclusion. As ML systems have grown in scale and com-
plexity, it is no longer feasible to codesign entire systems
with narrowly defined workloads. Meanwhile, the unique
properties of distributed accelerator execution make it chal-
lenging to efficiently apply known techniques for system
extensibility: modularity, composition, and layering. Solv-
ing this challenge will require a combination of techniques
across distributed systems, compilers, and more, and it is
critical to the evolution of future applications.
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