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Abstract

Training LLMs relies on distributed implementations using multiple GPUs to
compute gradients in parallel with sharded optimizers. However, synchronizing
gradients in data parallel setups introduces communication overhead that grows
with the number of workers, limiting parallelization efficiency. Local optimiza-
tion algorithms reduce communications but incur high memory costs as they
prevent optimizer state sharding, hindering scalability. To address this, we pro-
pose ACcumulate while COmmunicate (ACCO), a memory-efficient optimization
algorithm for distributed LLM training. By synchronizing delayed gradients while
computing new ones, ACCO reduces GPU idle time and supports heterogeneous
hardware. To mitigate the convergence issues caused by delayed updates, we intro-
duce a novel technique ensuring training dynamics align with standard distributed
optimization. Compared to ZeRO-1, our approach is significantly faster and scales
effectively across heterogeneous hardware.

1 Introduction

Training Large Language Models (LLMs) with billions of parameters requires thousands of GPUs
operating in parallel [71]]. This process typically relies on distributed backpropagation [31] and
gradient-based optimizers such as Adam [27] or AdamW [36]. However, distributed optimization at
this scale is both memory- and communication-intensive. In standard data-parallel training, memory
bottlenecks arise primarily from the optimizer’s internal states, especially under mixed-precision
training. Techniques like ZeRO [55] mitigate this by sharding states across workers. Due to limited
GPU memory and the large size of modern models, large-scale LLM training frameworks must rely
on such sharded partitioning [64, |58 2]]. In addition to memory constraints, communication overhead
becomes a dominant performance bottleneck, as synchronizing gradients and optimizer states across
GPUs can exceed the time spent on actual computation [50]], a problem expected to persist even with
future hardware advances [53]]. The impact of communication is further amplified by the cluster’s
interconnect topology: effective sharding requires high-bandwidth links, and heterogeneous hardware
or slow interconnects introduce straggler effects that slow down the entire system [[15| 41]].

To mitigate these issues, various communication-efficient distributed optimization algorithms have
been proposed, particularly in settings with limited bandwidth such as Federated Learning. Local-
update methods [66 [75] 140l 29/ [14] reduce communication by splitting training into inner loops
(local steps) and outer loops (synchronization steps). While this approach reduces frequency of
communication, it introduces additional hyperparameters compared to standard training, scales poorly
with the number of workers, and significantly increases memory requirements. For instance, the state-
of-the-art CO2 method [69]] requires memory overhead equivalent to four model copies—much more
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Figure 1: ACCO with a slow and a fast worker running in parallel, showing no idle time on both
and hiding communications. The delayed update is compensated by splitting the mini-batch in two,
leading to two steps in our timeline. The first uses half of the mini-batch to estimate "next step”
parameters, and the second uses the full mini-batch to update them.

than standard distributed Adam and even further from its sharded variants [S5]]. Some local-update
methods overlap communication with computation to hide latency, by executing both concurrently
[74.163} 82! 169]. However, this is challenging in sharded setups, since local updates typically require
full optimizer states to be materialized, which defeats the purpose of memory or communication
savings. A notable exception is ZeRO-Offload [60], which introduces the Delayed Parameter Update
(DPU) mechanism: it runs gradient computation on GPUs while concurrently performing parameter
updates on CPUs. Yet this approach suffers from one-step staleness—gradients [62] are applied to
outdated parameters—which harms convergence [89]. Thus it struggles to match the performance or
training dynamics of standard LLM training.

In this work, we introduce ACcumulate while you COmmunicate (ACCO), a new optimization method
that unifies the benefits of communication—computation overlap with memory-efficient training,
matching the training dynamics of AdamW DDP without new hyperparameters to tune. Specifically
(1) ACCO allows overlapping gradient computation and parameter updates in the memory-efficient
sharded optimizer settings. (2) It eliminates the need for outer loops, reducing memory and tuning
overhead. (3) Crucially, it compensates for the one-step delay introduced by parallel execution
of communication and computation by using a novel accumulation mechanism, which avoids the
convergence degradation observed in DPU-style updates. (4) Unlike prior approaches, ACCO is
compatible with sharded training frameworks and requires no warm-up phase. (5) In the case of
SGD, we prove that ACCO achieves the standard convergence rate, and (6) we confirm it empirically:
ACCO consistently preserves convergence quality across both homogeneous and heterogeneous envi-
ronments, with training curves that mirror those of AdamW—just as our theory predicts. (7) Our
experiments on diverse LLM pretraining and fine-tuning tasks show that ACCO delivers substantial
wall-clock speedups and effective communication hiding compared to ZeRO—without compromising
training stability or memory efficiency. The code to reproduce all our experiments is available at
https://github.com/edouardoyallon/acco.

2 Related work

Local optimization methods for reducing communications. Local optimization methods per-
form several local model updates between periodic averaging. With the SGD optimizer, these
algorithms predate the deep learning era [90,139], and their convergence properties are still investi-
gated nowadays [87, 166, (76} 142]]. Due to their practical and efficient communication scheme, they
have since been used for the Distributed Training of Deep Neural Networks (DNNs) with methods
such as EASGD [82]], SlowMo [73]] or Post-local SGD [34] |50], and are ubiquitous in Federated
Learning [40, 29} 132], broadening the choice of optimizers beyond SGD [59, 25, [10]. They have also
recently been applied in LLM training [[14}[7]. Overlapping communications over consecutive steps
of local computations allows to hide communication bottlenecks, resulting in algorithms such as
Overlap local-SGD [74], COCO-SGD [63]], or CO2 [69]]. Moreover, with heterogeneous hardware,
they can adapt their local computation rate to their hardware capacity [13| 38]. Yet, this comes
at the price of additional memory requirements: due to their local nature [[11], not only do these
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Table 1: Comparisons of characteristics and memory consumption. ¥: number of parameters in the
model. N: number of workers. K: memory multiplier of the optimizer (Adam or AdamW). For
SlowMo [75] and CO2 [69]], no mention of mixed precision training is made. We assume they use it
and that their additional terms are stored in half precision. While no additional momentum is required
for our method, we still need a negligible communication buffer compared to the optimizers’ states.

Overlap Hetero. No outer | Convergence Memory per replicas
Method comm/comp | hardware loop Rates (K, N, ¥)=(12,64,7.5B)
DDP [31] X X v v (2+2+K)¥ = 120 GB
ZeRO-1 [55] X X v/ v (2+2+§)\If =31 GB
ZeRO-2 [53]) X X v v/ (2+2+T)\1/ =16 GB
ZeRO-3 53] X X v v (H2EE) v =2GB
SlowMo [[75] ~ X X ~ (2+2+2x2+K)¥ = 150 GB
DiLoCo [[14] v/ X X ? (2424-2x2+K)¥ = 150 GB
CO2 [69] v X X v (24+2+4x2+K)¥ = 180 GB
DPU [/60] v X v X (2+2+2+§)\p =46 GB
WP [8] v X v X (2+242+ %)V =46 GB
ACCO (Ours) | v | v ] v v \ (2+2+2+ )V =46 GB

methods prevent the use of sharded optimizers such as ZeRO [55]], but they also introduce additional
control variables [[75, 142} 69], hindering their scalability as shown in Tab. E} Moreover, catering for
heterogeneous hardware is not straightforward, as using different numbers of local updates leads to
models shifting at different speeds, requiring extra care to counter this effect [38]]. On the contrary,
ACCO does not lead to such disparities. Since all devices share the same parameters, the device speeds
difference only affects the mini-batch size computation. Similarly, doing multiple local optimizer
updates makes the approach incompatible with optimizer sharding.

Overlapping communications and computations. For the asynchronous approaches, some ap-
proaches overlap gradient and communication steps, either explicitly [S]], or by modeling them with
independent stochastic processes [45, 144} [17]. However, none of these works focus on memory
efficiency. Thus, they introduce additional variables and do not consider sharding the optimizer states.
Moreover, they do not study optimizers other than SGD, and extending their beneficial properties
to adaptive methods commonly used for DNN training such as Adam is still an ongoing research
topic [4]. Delays being intrinsic to distributed asynchronous optimization, there is a rich literature
studying them. In the case of distributed SGD in a parameter server setting, while early analysis
showed convergence rates depending on the maximal delay [1}167]], recent lines of work improved
these dependencies [28[77,[19], proving that asynchronous SGD beats standard mini-batch SGD even
with unbounded delays [41,46]. However, they only study plain SGD, which is hardly used for DNN
training. In this context, some work focused on the interplay between SGD with momentum and
delays [43| 81], while delay compensation schemes such as re-scaling updates 86} (78] or buffering
them [49] were proposed for Federated Learning. But still, they only study versions of SGD and not
adaptive methods commonly used for LLMs training such as Adam [27]] or AdamW [36]. Closer to
our work, DPU was introduced as a memory-efficient way to train LLMs by running the optimizer
on the CPU while gradients are computed on the GPU [60] [33]], inducing a one-step delay between
the gradients computed and the corresponding optimizer step. To mitigate it, they advise starting
training by warming up for several steps with standard DDP. Perhaps surprisingly, we find in our
experiments that this one-step delay has a noticeable influence on the convergence of LLMs training,
even when using warmup steps. Contrary to DPU, we remove the need for them, with no impact on
the convergence of our training. Moreover, as it is not its purpose, DPU still runs communications in
the gradient computation stream, and is thus impacted both by the communication overhead of scaling
and hardware heterogeneity. Finally, in pipeline parallelism, gradient delays also affect computation,
and weight prediction methods have been proposed to mitigate their effect [8, 79,130 [80].

Memory-efficient distributed training of LLMs. The activation memory overhead required for
training Transformers [[72] can be mitigated for an extra computational cost by reconstructing the
input with reversible architectures [62] [23| [37], or recomputing the activations via checkpointing
[9]. Efficient LLM training also combines parallelism methods. Classical data parallelism (DP) [12]



suffers both from a high communication volume and a linear increase in memory due to the model
replicas. ZeRO-DP [56]] and Fully-Sharded DP [85] avoid this issue by sharding the model states
(i.e., the optimizer states, gradients, and parameters) between workers. This comes at the cost of
further increasing the synchronization between workers and the communication volume, which
can be mitigated by compression [73], memory trade-offs [83]], or delayed gradients [88]]. The
memory can be even more reduced using expensive CPU-GPU communications to unload states
on the CPU [60, 157]. On the other hand, model parallelism partitions the DNN components for
parallelization, either with tensor parallelism [64] by slicing a layer’s computation on several workers,
or with pipeline parallelism, which divides a model into sets of layers trained in parallel on mini-batch
slices. Popularized by [22], this method leaves some workers idling and an inefficient memory
overhead [[18]. Allowing delay in the gradients avoids worker idleness [47, [88] but exacerbates the
memory overhead, which can be partially mitigated with gradient accumulation [48}/89] and activation
checkpointing [26,135]. Combining these frameworks results in the effective 3D parallelism [65].

3 Method

3.1 Background and Notations

We now present our framework as well as relevant prior methods for overlapping communication and
computation from the perspective of an individual worker ¢ € {1,..., N}. The goal is to minimize a
differentiable objective function f : R? — R. All workers are initialized with identical parameters
6(®) e RY, and at each iteration t, worker 7 has access to a stochastic function F : RY x & — R,
where = is a sample space derived from its local data shard. The gradient estimates are assumed to be
unbiased: E[VF(0,£)] = Vf(0) for & ~ =. This setup allows for flexible, even time-varying, batch
sizes depending on each machine’s speed. However, for simplicity, we assume each worker computes
a fixed-size minibatch of IN; samples per iteration. The resulting local gradient estimate is given by

N;
VFz(aag)éNiZVF(avgk)a Whereg:(glw",gl\/ﬁ,)'
! k=1

We also consider a generic optimizer, such as Adam or AdamW (common in LLM training), denoted by
Opt. Applying the optimizer may require synchronizing internal states (e.g., moments, learning rates)
across workers, which introduces a communication barrier. This synchronization can be particularly
costly in settings involving optimizer sharding, and may substantially limit GPU throughput.

Distributed Data Parallelism (DDP). In a DDP setting, gradient computation and optimization
steps are performed sequentially as follows, for a sequence of {£ (t)}t:

t) — VFl(g(t)7f(t))7 9(75+1) = Opt <9(t) Z Z f]\] (t)> , (DDP)

where gradients are averaged across all N workers. As illustrated in this formulation, each step is fully
synchronous and must follow a strict order, which limits the potential for overlapping communication
and computation. A common strategy to address this limitation is to introduce two parameter buffers,
denoted 6 and 6, where one is used for computation and the other for communication. Building on
this insight, we next describe the main techniques used to achieve such overlap, and then ACCO.

Delayed Parameter Update (DPU). We describe the original DPU [60], and in our re-
implementation, we run gradient communications in the same stream as the optimizer step, in
parallel to the gradient computations. To prevent GPU from being idle at step ¢, gradients are
accumulated over as many mini-batches as necessary until the communication process finishes. Then,
DPU repeat the following, where each line can be run in parallel:

gt = VE(@D, W)

gl — gv) glit1) — gpt( o0 SN ZNN gfﬂ) ,

(DPU)

Remark that, except at the first step ¢ = 0, the gradients used by Opt are computed on parameters
6t = 9(t=1) which differ from #(*), the ones we apply them to. This is inherently due to the parallel



nature of our execution, and what we denote by "delayed update”. Sec. [d.3] shows that this has
drastic impacts on the convergence, despite being only delayed by one time step. We hypothesize

that, although the delay is limited to 7 = 1 and the dependency on delay is known to be linear [67]],

the training dynamics differ significantly from those of the standard setting.

Weight Prediction (WP). Proposed by the work of [8]] on mitigating pipeline delays, a simple

estimation strategy is to reuse the most recently received gradients and apply a second optimizer step.

Compared to DPU, this modifies the update rule for gt+1), leading to:
ggtJrl) =VEF, (é(t)7 g(t))

(+1) — gpt (9( ) Zi\f X ENlN g(t)) U+ — gpt (9(t+1)’2£\71 ZNIN gz(t)) '

(WP)

While this enables overlap by decoupling communication and computation, there is no formal
guarantee that it leads to favorable convergence. We empirically evaluate this method in Sec.[4.3] and
observe that its training dynamics deviate from the DDP baseline—unlike ACCO.

3.2 ACCO: a structured approach to Communication-Computation overlap.
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Figure 2: ACCO’s two-stage mechanism (1)-(2) to compensate the delayed updates via overlapping.

GPU

ACCO. ACCO splits the computation of the mini-batch gradients into two successive stages, where
the first half of the mini-batch is used to estimate (1) while #(+1) is calculated using the entire
mini-batch. This is further motivated by the fact that gradient accumulation can be used to reach the
extremely large batch sizes required to train LLMs [84]], and if gradients are computed sequentially
on a worker, we can leverage this to produce our estimate. Thus, the two stages, as in Fig. 2] are

<1>{ 0" = VE(D, "), g = VR E0),
0"

- 2)
—Opt( (t)7ZZ_:1 Z?Z]ngz(t)) { (t+1) = Opt (9(1} Zz ) 22N ( (t) +91(t)))

(ACCO)

We next describe the different components, whose streams can be run in parallel:

(1) The computation stream uses the second half of the mini-batch to compute the gradients
ggw with respect to parameters ) while the communication stream estimates what would
be the next steps parameters gt+1) using the estimated gradients [/}”

(2) The computation stream uses the first half of the mini-batch to estimate what would be the
gradients ") of the next parameters 6(**1) using estimated parameters 6(*+1) while the
communication stream computes #(*+1) using the full mini-batch. Note that it starts from
the same version of the parameters #(*) as in step (1). The first half fif[') was estimated at

step (2) of the last round, while (1) compute the second half q( )

Theoretical analysis of ACCO. We now state our main results (SGD, for simplicity), with complete
proofs provided in the appendix. The key idea underlying all proofs is that, for any minimizer 6* of f
and any 7 > 0, the following function serves as a Lyapunov function for our dynamics

V(0,0) 2 £(0) — f(0%) +nL(f(0) — f(6%)) + L||§ — 6]]> > 0.

Proposition 3.1 (GD). Let f : R? — R be L-smooth and 0* € arg min f. Forn < define

2L’

Ory1 =0 — & (Vf(9t) + Vf(ét)) ;O =0 =V f(6)).

)



Then, for any T > 1, and initializations 0, éo e RY we have

= , o . ) * -
7 ; (196017 + IV FGI) < 5 (£60) + £B0) — 268") + Llo ~ ol

Proposition 3.2 (SGD). Under the same assumption as above, suppose 0y = 0y and we perform:
Opy1 =0 — %(gt +3t), ét-s—l =0 — ngt,

where g; and Gy are unbiased, conditionally independent estimators of V f(6;) and V f (ét), respec-
tively, with bounded variance o2. Then, forn < ﬁ andanyT > 1,

Ly 5 16 .
T ; E [IIVf(et)H2 +[IV£(O)I1P] < rTT(f(oo) — £(6%)) + 802La.

We note that these rates recover the standard convergence guarantees of GD and SGD, unlike those in
[75]. Indeed, unlike DPU or WP, ACCO does not rely on an approximation, which leads to a cleaner
analysis and faster convergence, as reflected in our proof strategy. One can interpret DPU (with SGD
as the optimizer Opt) as a parallel version of Delayed-SGD (D-SGD) with a one-step delay. While
this setup has been shown to preserve asymptotic convergence rates in convex settings—such as
quadratics [3]] and strongly or quasi-convex functions [68]—our experiments (Sec.[4.3) show that,
in practice, this delay significantly degrades performance when training LLMs with AdamW. In
contrast, ACCO completely avoids delayed gradients, eliminating the impact of staleness. We note that
the batch size in ACCO corresponds to the number of samples processed between two successive
updates of 6. Although it uses a pair of stochastic gradients, VF (8, £()) and VEF () (1), both
are computed synchronously with respect to () (see Fig. . We confirm this advantage in Sec.
where ACCO yields training curves nearly indistinguishable from those of DDP (see Figs. [6] [5] [7).

4 Experiments

GPU, GPY; GPUp.4

In this section, we present our experiments. Sec-
tion [4.2] details the shared experimental setup.
In Sec. 4.3] we demonstrate the shortcomings w
of DPU and WP—initially discussed in Sec.
which motivate the design of ACCO. This ini-
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testbed. Sec. [4.4] shows that ACCO scales ef-
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Neo [6] on OpenWebText [21]]. Sec.[#.5|pushes ) )
further with instruction tuning of a 2.7B GPT- Figure 3: Memory requirements of ACCO vs DDP

Neo model, emphasizing communication bottle- and ZeRO-1, see Tab[I| for quantitative details.

necks and the benefits of ACCO. Finally, Sec. #.6|compares ACCO and DDP on heterogeneous hardware,
where ACCO lets faster GPUs accumulate updates while waiting—unlike DDP—resulting in faster
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the number of distributed workers. We experiment model for different numbers of GPUs.



on our local cluster of NVIDIA A100-80GB GPUs with 8 GPUs per node and an Omni-PAth inter-
connection network at 100 Gb/s for inter-node connections, intra-node connections being done with
NVLink 300 GB/s. Each worker is hosted on a single GPU. Fig. ff]shows that the communication time
outside of a GPU node in our cluster to average the gradients across workers can take more than 4 x
the one spent on the whole forward and backward step. As DDP only partially hides communications
during the backward [31], this means that our GPUs remain idle the majority of the time when we use
more than 24 distributed workers, motivating the need for methods leveraging this time to compute.

Method Method

8 —#— ACCO 8 —— ACCO
2 —— DDP 2 —— DDP
2 — DPU =l —— DPU-warmup 500

6 6
%ﬂ —— DPU-warmup 40 %D
A=) DPU-warmup 500 £
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2 - 2

0 10000 20000 30000 40000 0 20000 40000 60000 80000
# minibatch # minibatch
(a) Training with the specified amount in [16]. (b) Training for twice the specified amount.

Figure 5: Impact of the delayed update and warmup steps.

4.2 Experimental setup

Our experiments are performed on the GPU cluster described in Sec. f.1]} A detailed pseudo-code for
ACCO can be found in App. [B:2] Our code is in PyTorch [52]], and we verified that our implementation
produces two different streams running in parallel for the computations and communications using
NVIDIA’s Nsight System to profile it, shown in Fig. [[3] We trained all our models with AdamW [36]],
using mixed precision: our model parameters, gradient accumulation and communication buffers
are in bfloat16 [24] while our sharded optimizer states are in single precision (see Fig. 3). As
nowadays all distributed frameworks training LLMs at scale use a form of partitioning due to GPU
memory constraints [58 2], our main baseline is PyTorch’s DDP [31] with ZeRO-1 [55]] to shard the
optimizer’s state. As justified in Tab. [I] local optimization methods cannot be realistically considered
for memory reasons. To compare in good faith DPU to ACCO in terms of wall-clock time, we also
implemented our own version of DPU, as the implementation [61] solves a different problem than
ours. The original ZeRO does not overlap computation and communication as it is designed to host
the optimizer on the CPU, and is slower than ZeRO due to CPU and GPU memory transfers [60].

4.3 ACCO on TinyStories

We experiment with small language models on the

TinyStories dataset [[L6], closely following their con- ¢ _._M:tg‘g(l)
figuration and training hyperparameters. We use — DpDP
a 36M-parameter GPT-Neo-based [6]] decoder-only — WP

transformer and train a BPE tokenizer on TinyStories
to match their 10k vocabulary. All experiments are
run with 8 workers on a single node.

Training loss

Impact of delayed updates. First, we investigate
the impact of using delayed updates, re-purposing
DPU [60] as described in Sec. 3] We run three vari- ] i )
ants of this algorithm: (1) with no warmup, (2) with Figure 6: ACCO vs. WP on TinyStories

40 warmup steps of non-delayed optimization step before switching to DPU (done in [60]), and (3)
with 500 steps of warmup. We report in Fig. [5|our training losses on 8 distributed workers averaged
over 3 runs. Using delayed updates greatly hurts convergence, especially when no or too few warmup
steps are performed. Surprisingly, the number of warmup steps given in [60] does not work here,
hinting that it is a sensitive hyper-parameter to tune for each use-case. If we train for twice as long as
specified in [16]], then the DPU training curve approaches the baseline one, without totally catching it.

0 10000 20000 30000 40000
# minibatch



Contrary to this, the training curve of our algorithm ACCO perfectly matches DDP, as advocated by
our theory.

Compensation via WP. To mitigate the detrimental impact of using delayed updates, we test a first
approach to mitigate it: WP as described in Sec. [3] This method applies two consecutive optimizer
steps, re-using twice the same mini-batch. The first step produces the usual updated parameters,
while the second predicts the parameters of the next step so that gradients can be computed on this
estimate rather than on a stale version of the model. In Fig. [f] we compare the training curves of
this delay-compensation method to ours. We remark that, while ACCO perfectly matches the DDP
baseline at all times, WP displays worse behavior, especially at the beginning of the training. Thus,
we dismiss this method and keep ours for the remaining experiments.

10 Method 10 Method
- —»— ACCO - —#— ACCO
g —— DDP g 3 — DDpP
on o0
g g
= =
-é 6 E 6
= =

4 4
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# minibatch le6 Time (s)

(a) Evolution of the loss over the whole training. (b) Focus on the first part of the training w.r.t time.

Figure 7: Training curves for ACCO and DDP with 32 workers trained for 50B tokens.

4.4 Training GPT-Neo on OpenWebText

To assess how ACCO scales with larger models and more data, we pre-trained a model equivalent to
GPT-2 [54] with both ACCO and DDP with a ZeRO optimizer. Specifically, we used the GPT-Neo
architecture [[6] with 125 million parameters and the OpenWebText dataset [21]], which contains
40 GB of text. We used the GPT-Neo tokenizer, pre-trained on the Pile dataset [20]. The models
were trained on sequences of 1024 tokens, with documents concatenated using end-of-sequence
tokens. To assess the impact of using different hardware, the experiment was repeated on 2 different
clusters. The first was conducted on 8 H100-PCIe 80GB on a single node. The second was on
32 A100-80G GPU distributed on 4 nodes. We maxed out the memory of our GPUs with a local
mini-batch size of 24. To reach a sufficiently large overall batch size, we used 1 step of gradient
accumulation for DDP, and none for ACCO as our method naturally accumulates over 1 step, resulting
for the first and second experiments in respectively 400K and 1.5M tokens per effective batch for
both ACCO and DDP. In Tab. [3| we report additional experimental details, and notice that training with
ACCO allows for a 25% speedup on this pre-training task, which is additionally illustrated in Fig. [7| We
also report that our implementation of ACCO adaptively scheduled 315 supplementary accumulation
steps over the whole training to prevent GPUs from idling while waiting for communications.
Further details and results for the H100 exper- Table 2: Perplexity of our trained LLMs

iment can be found in App. [A] Tab. [2] reports Nothod | LAMBADA ool 1) | OnenWeb Toxt (ool
the perplexity of trained language models with ethod | (el ) | OpenWebText (ppl })

: ACCO 1x8 47.1 24.2

both methods. We evaluate the perplexity of DDP 148 ‘ s ‘ 543

language models on LAMBADA [51] and a test 100 IS s s
. . . X . .

split of OpenWebText, and report similar results DDP 4x8 A1l 517

for both methods.

4.5 ACCO for instruction fine-tuning

In the former sections, we compared ACCO against DDP with ZeRO in the pre-training stage. To
further validate our algorithm, we consider the GPT-Neo 2.7B model [6] pre-trained on the Pile
dataset [20] and finetuned it on the Alpaca dataset [[/0] containing 52k pairs of instruction/answer.
We fine-tuned the model using two configurations: 8 A100-80G on a single node, and 8 A100-80G
distributed equally across 2 nodes. Samples are padded to match the longest sequence in the mini-



batch. We fixed the mini-batch size at 4, leading to a total batch size of 128 for all methods. For DDP
and DPU, we used a gradient accumulation of 4, while for ACCO , a gradient accumulation of 2 to
account for the ACCO accumulation described in Sec. [I} The learning rate was set to 2 x 1075, and
with a warmup of 50 steps for DPU. In this setting, padding to the longest sequence in the mini-batch
induces more variability in the number of tokens per mini-batch. This results in more variability in
the computational load for each worker, leading to increased wait times for synchronization. We
observe in Fig. [§]that ACCO achieves a low validation loss faster than DDP in both settings. Notably,
the difference between ACCO DDP becomes more pronounced when workers are distributed across
multiple nodes. Additionally, as shown in Tab. [3] larger models and optimizers result in longer
communication times, further demonstrating the efficiency of ACCO in mitigating communication
bottlenecks. This advantage translates to an 87% speedup for ACCO (see Tab. [3)), highlighting the
significant impact of communication bottlenecks on standard methods.
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Figure 8: Validation curve with 8 workers on 1 node (left), and 4 workers/node on 2 nodes (right).

4.6 Experiment Using Heterogeneous Devices

To witness the impact of using het- Table 3: Pre-training (PT) and finetuning (FT) time speedup
erogeneous devices, we run ACCO and  with ACCO against DDP on various setups with GPT-Neo.

compare it to DDP in a four work- ¢y Model GPUs #tok ZeRO-1  ACCO
ers setting, with one of the GPU four age ode i okens ‘ ¢

times slower than the other three. The  pr 1osm 1x8 6B ‘ 4h4lm  4h25m

training setting is the same as in Sec. 4x8 50B 14h4lm  10hS5Sm
As we experiment on a A100 FT 2 7B 1x8 80M ‘ 43min 25min

GPUs cluster, we simulate the het- ’ 2x4 80M 3h46m 29min

erogeneity of the hardware using the
time.sleep() python command. First, we measure the time that a standard forward-backward step
takes, and make one of the four GPUs idle for three times this amount after each forward-backward
pass. In this context, DDP is only as fast as the slowest worker: 3 out of the 4 workers are idle 3/4
of the time. With ACCO, the other workers accumulate during the time they wait for the slow one to
finish. Thus, ACCO allows to compute gradients for large batch sizes faster than standard baselines,
resulting significantly smaller wall clock time, as shown in Fig. [0}
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Figure 9: Training curves with 1 slow worker (4x slower).



Conclusion

ACCO is a novel algorithm that addresses both memory and communication bottlenecks in distributed
LLM training, with provable guarantees which match standard SGD. By overlapping gradient
computation and communication while partitioning optimizer states, ACCO reduces communication
overhead in a memory-efficient way. A new two-stage compensation mechanism corrects for delayed
updates, ensuring convergence comparable to standard optimizers—without requiring warmup.
Empirical results show significant speedups across pre-training and fine-tuning tasks, particularly in
multi-node and heterogeneous environments.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The introduction and abstract clearly state the goals and contributions of
ACCO, which are substantiated through both theoretical analysis (Section [3) and experiments

(Sections [d.3H4-6).

Guidelines:
e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.
2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: For instance, Table 1 discusses the tradeoffs of each method.
Guidelines:
* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.
* The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: Section[3]|provides the assumptions and sketches of the proofs; full convergence
analysis and Lyapunov function details are referenced and further elaborated in the appendix.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

¢ All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

 All assumptions should be clearly stated or referenced in the statement of any theorems.
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* Proofs can appear in the main paper or the supplemental material; if in supplemental
material, include a short proof sketch in the main text.

¢ Theorems and Lemmas relied upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main
experimental results of the paper (regardless of whether the code and data are provided or
not)?

Answer: [Yes]

Justification: Section[4.2]describes the full environment and configurations, including model
architecture, hardware specs, optimizer, precision formats, and batch sizes. Details are
further supported by Appendix sections and figures.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make results reproducible or verifiable.

* Depending on the contribution, reproducibility may require full architecture details,
commands, or hosted access; see NeurIPS policy for options.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The paper states that the code will be released in a public open-source reposi-
tory at publication time (end of Introduction). All datasets used are publicly available.

Guidelines:

» See NeurIPS code/data submission guidelines (https://nips.cc/public/guides/
CodeSubmissionPolicy).

* Include exact commands and environment when feasible; anonymize at submission
time if applicable.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Sections .2} 4.3] .4 and[4.5]specify training configurations, datasets, opti-
mizer, batch sizes, accumulation strategies, and evaluation metrics.

Guidelines:

* Core details should appear in the paper; full details can be in code, appendix, or
supplemental material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: For TinyStories experiments, results are averaged over 3 runs (see Section[4.3));
trends are visualized. For large-scale runs, we show consistent convergence behavior.

Guidelines:

 Clearly state what variability factors error bars capture and how they are computed.

* Clarify whether bars are standard deviation or standard error; use asymmetric bars
when appropriate.
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10.

11.

12.

. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Section specifies compute resources including GPU model, memory,
interconnect bandwidths, and training durations (see also Table @

Guidelines:

* Indicate worker type (CPU/GPU), cluster/cloud details, memory/storage.
* Provide per-run and total compute estimates when feasible.

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research uses only publicly available datasets, complies with best practices
for reproducibility, and does not raise ethical concerns.

Guidelines:

* If “No”, explain the special circumstances requiring deviation; preserve anonymity as
required.

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: This work proposes a training algorithm and does not directly deploy an
application with societal impacts; we discuss potential implications where relevant.

Guidelines:

* If NA or No, explain why impacts are out of scope.
* If applicable, discuss misuse risks and possible mitigations.

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA|

Justification: The paper does not release high-risk assets; standard benchmarks and models
are reused under permissible terms.

Guidelines:

* If releasing high-risk assets, describe safeguards (access controls, filters, usage guide-
lines).

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All datasets (OpenWebText, Alpaca, TinyStories) and baselines (e.g., GPT-
Neo, ZeRO) are cited with sources/authors and licenses where applicable (Sections [d.3] 4.4]
and references).

Guidelines:

» Cite originals, state versions/URLs, and include license names (e.g., CC-BY 4.0).
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13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: No new datasets or models are released in this work.
Guidelines:

* If releasing assets, include documentation, license, limitations, consent, and anonymiza-
tion at submission time if needed.

14. Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA|
Justification: This paper does not involve human subjects or crowdsourcing.
Guidelines:

* If central to the paper, include as much detail as possible in the main text; compensation
should meet local minimum wage.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether IRB approvals (or equivalent) were
obtained?

Answer: [NA]
Justification: No human subjects are involved.
Guidelines:

* If obtained, clearly state IRB (or equivalent) approval; keep anonymity for initial
submissions.

16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research?

Answer: [Yes]

Justification: The paper centers on LLM training/fine-tuning; usage appears throughout
(e.g., GPT-Neo 125M/2.7B in Sections 4.4] [£.5).

Guidelines:

* See LLM policy: https://neurips.cc/Conferences/2025/LLM.

A Experimental Details and Further Results

A.1 Pre-training on TinyStories

For experiments in Sec. we used the configuration available on the Huggingface Hub ﬂ We
trained our own 10k vocabulary tokenizer on the dataset. We also report in Fig. 10| the results of our
study on the impact of halving the batch size for DPU by not performing any gradient accumulation
(i.e., performing an optimizer’s step at each communication).

'Tiny Stories Available at: https://huggingface.co/datasets/roneneldan/TinyStories
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Figure 10: Comparison between running DPU on 8 GPUs with 2 steps of gradient accumulation on
each (to match the standard batch-size) and DPU with only 1 gradient accumulation step. Doing so
allows to double the number of optimizer’s step per minibatch, but divides the effective batch size by
2. This leads to faster convergence early in the training, but worse training loss in the end.

A.2 Proofs of Sec.

We first prove the convergence of ACCO in the Gradient Descent case.

Proposition A.1 (Gradient Descent Case). Let f : R* — R be an L-smooth function, and consider
the iterates defined by

0141 =0, — g (Vf(9t) + Vf(ét)) . Ore1 =0, =V f(y),

initialized at 0y, 0y € R?. Assume that f admits a global minimizer 0* € arg min f. Then, for any
T > 0 and step size n < %, the following bound holds:

T—

[ay

(IV7OI2 + 195 @)112) < — (£(60) + £(Bo) = 2/(6°) + LIl — Goll?)

Nl

8
nT

t=

Proof. We define the Lyapunov potential:

V(0,0) = (£0) ~ £(67)) + L (f(6) ~ F(6)) + L]j6 — 0>
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Using the L-smoothness of f, we apply the standard descent lemma:
Mo rionT i) o I N
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For the second point update, again using smoothness:

FOr) — 1) < Vf@tf (6.~ 00— @) + = [0 - - an@)Hz

+(3-n) HW@” 2*(5‘277)

L 1 ~ ~ 12
<2 - 277) 0y — 0, — va(et)

The change in the regularization term satisfies, using L-smoothness:

~ - 2
Qt 9t 975 - nvf(et)

277
0, — 0,

27} +_7va

j 2 2 M |12 5112 Ln? 5 112
1061 =01l =16 —6cI” = - HVf(@t) = V(0| |0 — 0| < ( 1 1) 01 — 0
Thus, for the sake of readability if 0 < n < 5 L , we have that:
1 1 2 L 12
fOs1) = £(0) < =g IVFO)I = 5 |V1@)| "+ 5 0 -6 (M
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and

_ _ 1 _
J(Oir1) — f(0:) < %Het — 07
and

. . 3 .
1001 = Oea I* = 1102 — 6:]1* < =110 — 64
4

Combining the three terms (two function values and one regularizer), the total Lyapunov change is:

* (L, L8
8 2 4

2

2

- - 1 1 . .
V(9t+17 Or41) — V(04,0;) < —gn ||vf(9t)||2 - §77 va(et) 0, — 0,

1 1 ~
< =50 lIVF6)I° = gn | Vs @)

Summing over ¢ = 0 to 7' — 1 and noting V (0, 9}) > (, we conclude:

T-1

- 4 - - 8 - . -
> (IVF@I? + IVF @) < - (V60 00)=V(6r.6r)) < (00) + £(Bo) = 25(67) + Llldo ~ Gol1?)
=0
Dividing both sides by 7" gives the claimed result. O

We now prove the convergence of ACCO in the Stochastic Gradient Descent case.

Proposition A.2 (Stochastic Gradient Descent Case with Bounded Variance). Let f : R? — R be an
L-smooth function, and let 0y = 0y € RY be the initialization. Suppose we perform the updates:

Opy1 =0, — g (9c+G1),  Ors1 = 0p — 1y,

where g; and §; are unbiased stochastic gradients of f, conditionally independent, at 0; and 0,
respectively:

Elge | 04,0 = Vf(6:), E[ge | 0:,0:] = V£ (6y),
and assume the variance is bounded as

E[lg: = VF(6)I] < 0% E |3 — VS@)|?] < 0.

Then, for any T > 0 and step size n < =, it holds that

2L’
1— ) -1 16 )
- t t s — 0) — o L.
7 2 E[IVF@I +IVF@IP] < 7 (F(60) = f(07)) + 8L
t=0

Proof. Using the same approach as in the full gradient case and L-smoothness, we get:

] n T ~ ] Lnp? ~ 12 J
E [ £(8001) | 00,0:] < £(0) = 2V F0) TElgi + 31 | 00,0+ =-E [llgw + 5l | 6:,04)

- ~ ~ - ~ _ ~ L ~ _ -
E[£(Bu1) [ 60.00] < F00) + VF@)T (60— 01— nElge | 6,0) + SE 16 — 6, — gl | 6.6
We also expand the expected change in the quadratic term:

~ 2 ~ 77 - ~ 2 ~
E {Hetﬂ = Oral” | 91&,94 =E Hg(Qt —gt) + (6 — 9t)H | 01,0

~ 2 ~ ~ ~
— 1100 = 00112 + "B [llge = 5l | 61,62] + 401 — 00, B g1 — 5 1 61,6])-
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Further simplufications give

E {I\Qt — 0 — gl | Qt,ét} = [16: = 61 =V £ (@0)II* + n* Var(g, | 61),
E|llge + el | 00,0 ] = [IVF(8:) + V £(@0)|I? + Var(ge | 01) + Var(Ge | 91),

E{llg: = Gill* | 00, 8:] = IV £(80) = V£(@0) 1> + Vax(ge | 6:) + Var(Ge | 0r).

Using the bounded variance a we can follow the same derivation as in the full-gradient case, with
extra o2 terms appearing.

This yields:

- - - 1 1 ~ o2
E [V (01, 001) | 6,0 = V(0,00 < = 20l V@I = 50| V1)

VR

Taking expectations and summing over ¢ = 0 to 7" — 1, then rearranging and using 0 < nT" < % and
0y = 6y, we obtain:

1\ 2 =12 16 . )
T ;E [va(@t)u + IV f(60) } < T (f(00) — f(67)) + 802 L.

Note that it would be possible to derive bounds for non-increasing step size, as V (6, 0, n) =
() = £67)) + 0L (£(8) = [(6%)) + LI|0 — 0] satisfies V(6,0 n) < V(9. 7) for n < 7

A.3 Pre-training on OpenWebText

For all pre-training experiments on OpenWebText, the configuration used to instantiate the GPTNeo
125M is available on the Huggingface Huﬂ We only changed the "max_position_embeddings"
parameter from 2048 to 1024. More details are displayed in Tab. ] We used the OpenWebText
dataset available on Huggingface{ﬂ We also report in Fig. |1 1| further results for the pre-training on
H100 GPUs.

A.4 Instruction Fine-Tuning

For all fine-tuning experiments, we used the pre-trained GPT-neo 2.7B available on the Huggingface
Hukﬂ and the associated tokenizer. We used the Alpaca dataset available on Huggingface’} More
details are displayed in Tab. [5] We also report in Fig. [I2) further results on the experiment described in
Sec.
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Figure 11: Training loss during training on OpenWebText with 8§ H100 GPUs and 6B tokens.

Table 4: Training hyperparameters for ACCO and DDP configurations.

Hyperparameter 8 H100 32 A100
mini-batch_size 24 24
n_grad_accumulation | ACCO: -DDP: 1 | ACCO: -DDP: 1
sequence_len 1024 1024
#tokens_batch 400K 1.5M
optimizer AdamW AdamW
learning_rate 6e-4 6e-4
weight_decay 0.1 0.1
adam_betal 0.9 0.9
adam_beta2 0.95 0.95
nb_steps_tot 50000 50000
scheduler cosine cosine
n_warmup_steps 0 0
Method
2 1.20 —%— ACCO
2 —— DDP
g ---- DPU
3 1.15
% PaoNen,’
> ! !
1.10 ~

0 5000

10000

15000

20000

# minibatch

Figure 12: Validation curve with 8 workers on a single node.
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Figure 13: Nsight system profile of our implementation of ACCO: our two steams do run in parallel.
In this Figure, the computation take more time than the communication because we only profiled
small scale experiments with 8 workers, and small number of parameters (36M as we profiled on our
TinyStories [16] setting). This changes when using larger models and more workers, as seen in{.1]
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Table 5: Finetuning hyperparameters for ACCO, DDP and DPU configurations.

Hyperparameter ACCO DDP DPU
mini-batch_size 4 4 4
n_grad_accumulation 2 4 4
total batch_size 128 128 128
optimizer AdamW | AdamW | AdamW
learning_rate 2e-5 2e-5 2e-5
weight_decay 0.0 0.0 0.0
adam_betal 0.9 0.9 0.9
adam_beta2 0.95 0.95 0.95
nb_steps_tot 50000 50000 50000
scheduler cosine cosine cosine
n_warmup_steps 0 0 50

B Implementation Details

B.1 Profiling Results
B.2 Algorithm Pseudo-Code

We present our algorithm for time-varying batch size Ni(t).

*GPT-neo 125M Configuration Available at: https://huggingface.co/EleutherAl/gpt-neo-125m/
blob/main/config. json

*OpenWebText Dataset Available at: https://huggingface.co/datasets/Skylion007/
openwebtext

*GPT-neo 2.7B Available at: https://huggingface.co/EleutherAI/gpt-neo-2.7B

> Alpaca Dataset Available at: https://huggingface.co/datasets/tatsu-1lab/alpaca
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B.3 Slurm script to reproduce our results

Listing 1: SLURM and ACCO fine-tuning configuration

#SBATCH --nodes=2 # Request 2 nodes
#SBATCH --gres=gpu:1 # 1 GPU per node
#SBATCH --ntasks-per-node=1 # 1 task per node

acco-ft:
group_by_length: false
batch_size: 4
n_grad_accumulation: 4
learning_rate: le-5
weight_decay: 0.0
adam_betal: 0.9
adam_beta2: 0.95
nb_steps_tot: 50000
dataloader_num_workers: 1
dataloader_pin_memory: True
dataloader_persistent_workers: True
label_smoothing_factor: 0
max_length: 512
scheduler_name: ’cosine’
warmup: O
save: False
use_mixed_precision: True
n_warmup_steps: O
run_baseline_ddp: False # True for DDP
method_name: ’acco’ # ’ddp’ for DDP
#gradient_accumulation_steps: 1 # Add for DDP
eval: True
eval_step: 10
run_expe_slow: False
const_len_batch: False
finetune: True
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Algorithm 1 Training with ACCO in parallel for a worker 7

1: Input: Model with differentiable loss F', number of models [V, initial parameters 60, training
steps 7', dataset shards D,;.

2: Initialize: gradients g;(~1) = VF (0, ¢*)) and number of gradients N\ ") = 1
3: # Computation stream
4: while t < T do
5.  Stage 1.
6:  while not Ready_for_Stage_2 do
7: Ez(ﬂ — Dl
8 g g £ VE(OW, )
o NP NP1
10: 0+ + Buffer;
11:  Buffer; + (N, ¢{")
12:  Stage 2.
13:  while not Ready_for_Stage_1 do
4. D,
6 NP« NO 41
17 tet41
18:  6U*Y) « Buffer;
19:  Buffer; « (N, 5"
20:

21: # Communication stream

22: while True do

23:.  Stage 1.

24 (N9 59) « Buffer;

25: 32, N« a11_Reduce(N(")

26:  Shard; (Z, g,@) — Reduce_Scatter(g}Et))

3

. ~(t)
27:  Shard, (90“)) < ShardedOpt (Shard,,; (61) , Shard, < Zii’%(”))
SN

i

28:  Buffer; « A1l_Gather(Shard, (§<t+1>))

29: N0
30: Ready_for_Stage_2 < True
31: Ready_for_Stage_1 < False
32:  Stage 2.
. @ @) v
33:  (N;"7,g;) < Buffer;
. () A7) Ar(t) ar(t)
34: Y .N,;” +N,;’ < All_Reduce(N;” + >, N;")
35:  Shard, (2/ gf” + §f”)> +— Reduce_Scatter(gf” +>, f/E[))
(1), ~(t)
36:  Shard,; (9“’*”) < ShardedOpt <Shard,¢ (9“)) , Shard; <w>>
Z: N;V+N;”
37:  Buffer; < All_Gather(Shard, (9(**1))
38 N
39: Ready_for_Stage_1 < True
40: Ready_for_Stage_2 < False
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