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Abstract

We introduce a memory- and compute-efficient method for low-communication distributed training.
Existing methods reduce communication by performing multiple local updates between infrequent
global synchronizations. We demonstrate that their efficiency can be significantly improved by
restricting backpropagation: instead of updating all the parameters, each node updates only a fixed
subset while keeping the remainder frozen during local steps. This constraint substantially reduces
peak memory usage and training FLOPs, while a full forward pass over all parameters eliminates
the need for cross-node activation exchange. Experiments on a 1.3B-parameter language model
trained across 32 nodes show that our method matches the perplexity of prior low-communication
approaches under identical token and bandwidth budgets while reducing training FLOPs and peak
memory.

1. Introduction

Recent research has shown that scaling language models (LLMs) consistently improves generaliza-
tion and downstream capabilities [14, 25]. At scale, training is typically achieved by distributing
data across many compute nodes and synchronizing gradients at every optimization step. This
synchronization demands high-bandwidth interconnects, limiting large-scale training to high-end
clusters with large number of well-interconnected nodes—a resource still accessible to only a small
fraction of the machine learning community. In this paper, we explore strategies for training large
language models on less powerful hardware with limited memory and bandwidth. Our approach
reduces both memory footprint and total training FLOPs compared to existing low-communication
methods, enabling efficient large-scale training in resource-constrained environments. To reduce the
reliance on high-bandwidth interconnects, prior work has explored decreasing the volume of data
transferred between nodes through gradient sparsification, compression, or quantization [1, 4, 13].
Another line of research, which our work builds upon, lowers communication overhead by reducing
the frequency of gradient synchronization. First introduced in the federated learning setting [17], this
approach allows each model replica to perform multiple local update before a global optimization
step [15, 23, 27]. DiLoCo [6] applies this dual optimization scheme to LLM training, reducing
bandwidth requirements by orders of magnitude compared to standard every-step gradient reduction.
Streaming DiLoCo [7] extends this idea by synchronizing only a subset of parameters at a time,
thereby lowering both peak bandwidth and memory usage. Building on these advances, our method
further reduce memory footprint and total training FLOPs, making faster low-communication training
feasible on sets of low-memory devices (e.g., RTX 3090 GPUs with 16GB of RAM).

© A. Filippova, A. Katharopoulos, D. Grangier & R. Collobert.



PARTIAL PARAMETER UPDATES FOR EFFICIENT DISTRIBUTED TRAINING

In this work, we introduce a method for efficient, low-memory, low-communication distributed
training. Our approach can be viewed as a form of block coordinate optimization: each node
backpropagates through and updates only a fixed slice of the parameters, treating the remainder as
constant. After several local steps, the parameter differences are all-reduced across nodes, followed
by an outer optimizer step, as in prior works. By restricting both backpropagation and optimizer
updates to the active slice, our approach reduces peak memory usage and total training FLOPs
relative to Streaming DiLoCo, while matching its bandwidth requirements and final performance
(measured by test perplexity).

Our contributions are as follows: (i) We introduce an efficient algorithm for low-communication
distributed data-parallel training that performs local updates on a node-specific subset of parameters,
thereby reducing both memory usage and computational cost. (ii) We empirically validate the
effectiveness of our method by training a 1.3B-parameter language model on 32 nodes, achieving
perplexity comparable to prior low-communication training approaches under the same token and
bandwidth budgets, while using 15% fewer FLOPs and up to 47% less memory (depending on
configuration) (Figure 1a and 1b). (iii) We demonstrate that in simulated low-bandwidth settings, our
method converges substantially faster than DDP (Figure 1c).

2. Method

In this section, we formalize our proposed method for low-communication training. Section 2.1
provides a brief overview of language modeling and distributed data parallelism in both high-
bandwidth and bandwidth-limited settings. Section 2.2 introduces the core idea behind our method,
followed by its training procedure and implementation details.

2.1. Background

Language Modeling. Let D be a dataset of token sequences x = (1, ..., xg) with z; € V), where
V is the vocabulary and S is the sequence length. Language modeling is about modeling the data
distribution p(x), that can be factorized as p(x) = Hf;ll p(zsy1 | X1:5;0), where 6 denotes the
model parameters. The parameters usually are estimated by solving: 6* = argming Ex.p £(x;6).
where the loss is the negative log-likelihood of next-token prediction. In practice, this objective is
minimized using stochastic gradient descent, where at each step the gradient Vo £(X; ) is computed
on a mini-batch of sequences X.

Distributed Data Parallelism (DDP). To scale the optimization problem (2.1), a common approach
is to partition D across K compute nodes, assigning each node k a shard Dy. At training step ¢, node

k computes the gradient g,(f) = VQE(XS); 6®), on its local mini-batch X,(Ct) ~ Dy. Gradients are

aggregated via all-reduce to form ¢ = % Zszl gg), which is then used to update the model
parameters on every node. Model parameters, optimizer state, and gradients may be either fully
replicated or partitioned across nodes to reduce memory usage [30, 34].

Low-communication Distributed Data Parallelism. Because standard DDP aggregates gradients
at every step, it is impractical on hardware lacking high-bandwidth, low-latency interconnects. Low-
communication distributed training methods relax this by reducing the synchronization frequency:
each node k performs H local updates

o) INnEROPT(gM; 08y h—0,.. . H —1, (1)
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without inter-node communication. After H steps, each node computes its parameter delta and
performs an all-reduce to obtain the averaged delta
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Global parameters are then updated via an outer optimizer:
010« outerOpPT(A0Y, 91)), 3)

where InnerOpt(-) and OuterOpt(-) can be arbitrary optimizers. In practice, the outer step either
applies the averaged delta directly [17] or treats it as a pseudo-gradient in SGD [23, 27]. For LLM
training, DiL.oCo [6] showed that using AdamW as the inner optimizer and Nesterov SGD as the
outer optimizer yielded lower validation loss than alternative configurations.

Memory Usage and Computational Cost In low-bandwidth settings, model parameters, optimizer
state, and gradients typically cannot be sharded and must therefore be fully replicated on each node.
If the outer optimizer maintains momentum, its state must also reside in memory. Synchronizing only
a subset of model parameters at a time—while keeping the remainder on the host—can reduce the
outer optimizer’s memory usage [7], yet the overall footprint remains substantial. For example, even
a relatively small 1.3B-parameter model requires about 18 GB of GPU memory solely for model
weights, gradients, and optimizer moments (Fig. 1c, Sec. 3.2). Our goal in this paper is to reduce
memory usage and computational cost without increasing communication overhead or degrading
performance. Making low-communication distributed training more memory-efficient would enable
large-scale training across consumer devices without relying on high-speed interconnects.

2.2. Low-communication DDP with Partial Parameter Updates

Our method can be viewed as a distributed variant of block coordinate descent. On each node k, we
define a fixed index set J;™™ C {1,...,|0|}, such that parameters 6;[i| with ¢ € ;™" are updated
locally. The complement 7% = {1,... |0|} \ I{**" corresponds to parameters that remain

unchanged on node k. For a mini-batch X,(f’h) at local step h, the forward pass proceeds as usual,

f (Hl(f’h), X,(f’h)). During backpropagation, gradient computation is restricted to I};rain (Algorithm 1,
line 8), and only the corresponding parameters are updated (line 9). After i local steps, each node
computes a delta for its trainable parameters and zeros elsewhere (line 11). These deltas are summed
across nodes and normalized elementwise by a fixed count vector m € {1,..., K}l where m[i]
records how many nodes update parameter 6[i] (line 13). The normalized update is then applied in
the outer optimizer step (line 14). The full training procedure is summarized in Algorithm 1.
Updating partly disjoint parameter sets on each node is intuitive for limiting divergence across
local replicas, since each parameter 6[i] is optimized by fewer than K nodes during local steps.
This design also offers two benefits: (i) reduced per-node memory usage, as no gradient buffers or
optimizer state are allocated for parameters in [ ,ffozen (Figure 1a), and (ii) lower training FLOPs, since
gradients for 0[i] with i € [ };rozen are never computed (Figure 1c). In Section 3.3, we demonstrate
that despite fewer updates per parameter than full-model baselines, our method achieves comparable
test perplexity.
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Algorithm 1 Distributed Training with Partial Updates

1: Inputs: outer rounds 7', local steps H, number of nodes K

2: Notation: [{™n; [frozen — £1 19|} \ If™", count vector m € {1,..., K}’
3 fort=1...Tdo
4: (9}; — gt
5 fork=1... K do # Execute in parallel on K nodes
6: forh=1...H do # Perform [ local steps independently on each node
7 Xl(f’h) — Ds
8 g,(:’h) — VQ[iLiEIZrain £k(0,(:’h); X,(f’h)) # Backpropagate only through /™"
9: G,Et’h“)[l,grain] — INNEROPT(@,(:’h) [Zfrain], g,(f’h))
10: end for

W JOT) — 60, e pirei
11: Al = )

0, otherwise

12: end for
13: AWD[] = mL[Z] DT Ag) [4], i=1,...,]6] #Elementwise normalize by count vector m
14: M « OuTEROPT(A—D AM)
15: end for

2.2.1. PARAMETER SLICING

We consider two variants for assigning trainable parameters across nodes, controlled by a slicing
hyperparameter /N with K’ mod N = 0 and slice index n = k£ mod N on node k. This leads to the
K ic Itrain

N>

following update count vector in Eq. (14): m[i] = o
K, otherwise

MLP-only slicing Embedding, attention, and normalization parameters remain fully trainable
on all nodes. Only the MLP layers are sliced, so that each node updates only a portion of the
MLP weights while keeping the rest frozen. In each MLP block, let W € R%*4¢ be the up-
projection and V € R44*4 the down-projection, such that: MLP(x) = V'(ReLU(W 'x)). We
partition W column-wise into {W7y,..., Wy}, where W,, € RE*44/N “and split V row-wise into
{V1,...,Vx}, where V,, € R*/N*4 This gives: MLP(x) = >, V,/(ReLU(W, x)). Each
node k trains all non-MLP parameters, as well as the MLP slice {W,,, V,,} corresponding to its
assigned index n = k mod NN, the remaining MLP slices are frozen.

MLP + attention-heads slicing In addition to MLP-only slicing, we also partition attention heads
so that each node trains only a subset of heads while freezing the rest. Let the multi-head attention
mechanism [26] use projections: W, Wi, Wy, € Rdx(h'dh), where h is the number of heads and
dy, the per-head dimension (so that d = h - dy,). We split the h heads into N disjoint groups of size
h/N (assuming h mod N = 0). For node k, the assigned slice index is n = k mod N, with head
group H,, = {n-(h/N),...,(n+1)-(h/N)— 1}. The attention projection matrices are then sliced
column-wise according to H,, : WgL) = Wgl[, ’Hn],W%) = Wgkl:, Hnl, W%}l) = Wy, Hal
With this decomposition, the attention block becomes a sum over head-groups, and node & updates
only the parameters of its assigned group n, while freezing the rest.
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3. Experiments

In this section, we experimentally analyze the performance of our proposed method. We benchmark
our approach against Streaming DiLLoCo [7] and standard distributed data-parallel (DDP) training.

3.1. Experimental Setup

We use the RedPajama dataset [29]. All experiments use sequences of 1,024 tokens. We use a
Transformer [26] with 1.3B parameters, consisting of 24 layers and a hidden dimension of 2048. We
employ rotary positional encoding [22] and a SentencePiece tokenizer [11] with a vocabulary size of
32,000. All methods are trained with the AdamW optimizer [16] using 81 = 0.9, S2 = 0.99, and a
weight decay of 0.1. The learning rate schedule linearly warms up to 3 x 10~* over the first 1,500
steps, followed by cosine decay. For both our method and Streaming DiLLoCo, we use SGD with
Nesterov momentum m = 0.9 [18] as the outer optimizer, with learning rate 4 x 10~!. We use batch
size 512 that is distributed across 32 NVIDIA H100 GPUs with 80GB memory (16 per GPU).

Comparison to Streaming DiLLoCo Our algorithm (Section 2.2) is orthogonal to the streaming
synchronization pattern proposed by Douillard et al. [7]. To ensure fair comparison we reuse this in
our experiments (App. B.2).

3.2. Memory Usage

We assume training in BF16 with full activation recomputation during the backward pass. In
mixed-precision training, it is standard to maintain a master copy of model parameters in single
precision (FP32) for updates, while casting parameters on the fly to BF16 for computation. Gradients
are stored in BF16, while the optimizer state remains in FP32. In low-bandwidth training with
an outer optimizer, one must also account for offloaded weights and momentum buffers. When
synchronization is performed in a streaming manner (i.e., grouped communication as in [7]), the
additional memory overhead from this state is relatively small (see Figure 1a). Thus, with activation

recomputation, peak memory usage is primarily determined by: (i) optimizer state, (ii) , (iii)
, (iv) (if used), and (v) offloaded parameters (if any), as illustrated in

Figure 1a.

3.3. Results

Peak Memory Footprint Figure la demonstrates that our method requires significantly less
memory than Streaming DiLLoCo and DDP. This reduction comes from the fact that we do not train a
large portion of parameters (detailed in Table ??), which means we neither maintain optimizer state
nor store gradients for these parameters. For instance, 1/4 mlps + 1/4 heads configuration of our
method uses 47% less memory compared to full model training, while achieving similar test loss.
This allows us to fit training with activation checkpointing of a 1.3B model using devices with less
than 16GB of RAM.

Compute Efficiency We compare our method to Streaming DiL.oCo in terms of training FLOPs.
Figure 1c shows test loss as a function of total training FLOPs. For this comparison, we trained the
1/4-MLP, 1/2-MLP, and Streaming DiLoCo configurations with the Chinchilla-optimal token budget
(26B). To match the performance of the 1/2-MLP configuration, we slightly increased the token
budget for Streaming DiLoCo to 28B. We also trained the 1/N-MLP+1/N-heads configurations
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Figure 1: Less memory, fewer FLOPs, same performance. Comparison of memory usage, total
training FLOPs, and training time between our approach, Streaming DiLoCo, and DDP for 1.3B
language model training across 32 compute nodes. In each Transformer layer we either slice
only the MLPs (% MLPs) or slice both MLPs and attention heads (% MLPs, - heads). In both
cases, only 1/N of the parameters in the corresponding projections are trained on each node (see
Sec.2.2.1). (a) Estimated memory usage for DDP, Streaming DiLoCo, and our four variants (Sec.3.2).
(b) Total training FLOPs versus test perplexity for our method compared to Streaming DiLoCo
(Sec.3.3). (¢) Training time comparison between our method, Streaming DiLLoCo, and standard DDP
(synchronizing every step) under different bandwidth constraints. (Sec. 3.3).

on 28B tokens to match the performance of their corresponding 1/N-MLP runs. Across these
performance-matched comparisons, our method consistently required 15% fewer total FLOPs.

Convergence Speed Under Bandwidth Constraints We compare our approach against Streaming
DiLoCo and standard DDP in terms of total training time (Figure 1c¢). To simulate training under
different bandwidth constraints, we first measure the time for a single training step on one GPU, and
then add the estimated communication time for ring all-reduce [19] (App. B.1). It is important to note
that, due to infrequent synchronization, low-bandwidth methods require more tokens (and thus more
computation) to reach the same performance as DDP. In Figure 1c, both Streaming DiL.oCo and our
method were trained on twice the number of tokens as DDP (39B vs. 26B). However, even under the
assumption that peak bandwidth is fully reachable (in practice, effective bandwidth is always lower),
training a 1.3B model on 32 nodes connected via a Thunderbolt 3 ring with DDP requires more than
twice the training time to match the performance of low-communication approaches. Finally, it is
worth noting that prior research only reported results for up to 8 nodes, which explains why this
degradation in performance was not observed in Douillard et al. [6].
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4. Conclusion

We introduced a simple yet effective strategy for reducing memory and compute costs in low-
communication distributed training by updating only a subset of parameters on each node. Our
method achieves substantial memory and FLOPs reductions without increasing communication or
degrading performance. These findings open up multiple directions for future research, including
large-scale training in bandwidth- and memory-constrained environments.
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Appendix A. Related Work

We review prior work in two areas most relevant to our contributions: methods for low-communication
distributed training and approaches for improving memory and computational efficiency during
training. For the latter, we focus on memory-efficient optimizers and tensor parallelism, which are
most directly related to our method.

Low-Communication Training Communication overhead in distributed data-parallel training
has been tackled in three main ways: reducing the volume of data exchanged between nodes with
gradient compression or quantization [1, 4, 12, 13], hiding latency by overlapping communication
with computation [3, 10, 24], and lowering frequency of communication by performing multiple
local updates between synchronizations [6, 7, 17, 23, 27]. We show that the latter can be made
substantially more memory- and compute-efficient by restricting backpropagation to partial parameter
subsets. The three strategies are complementary, and compression or overlap techniques can be
applied together with our method to further reduce communication costs. More recently, Beton et al.
[2] proposed sparse parameter synchronization, which reduces communication by synchronizing
only a random fraction of parameters at each step. While this lowers divergence across nodes, all
parameters are still updated on every device, meaning each node must store the full optimizer state
and perform full backpropagation. In contrast, our method updates only a fixed subset of parameters
per node, which directly reduces both memory and compute.

Another line of work studies pipeline parallelism in slow-network settings [9], which requires
inter-stage communication of activations in every step. To mitigate this communication overhead,
recent methods propose compressing or quantizing activations [20, 28, 31]. Unlike these approaches,
which still depend on activation exchange, our method operates purely in the data-parallel regime but
can be combined with pipeline parallelism and activation compression in large-scale settings.

Memory and Compute Efficiency A large fraction of GPU memory during training is occupied
by optimizer states, particularly for adaptive methods such as Adam [16], which maintain first-
and second-order moments for every parameter. The main savings of our approach come from
the fact that each node only updates a subset of parameters. As a result, momentum states for the
remaining parameters do not need to be stored locally, yielding substantial memory savings. This is
especially important in low-communication settings, where sharding optimizer states across devices
is impractical due to the communication overhead it introduces. Several methods aim to reduce
optimizer state memory directly. One strategy is to quantize optimizer states to lower precision, for
example 8-bit quantization [5, 12]. Another is to apply low-rank projections to compress gradients
and optimizer states [33]. Parameter grouping has also been explored: Zhang et al. [32] maintain
a single momentum vector per block of parameters, while Han et al. [§] combine grouping with
quantization. Such efficient optimizers are orthogonal to our method and could be combined with it
for further savings.

Another line of work distributes compute and memory through tensor parallelism, where large
matrix multiplications are partitioned across GPUs and results are gathered after each operation
[21]. Our method is conceptually related, but applies slicing only in the backward pass: each device
updates a portion of the parameter matrix while still executing the full forward computation. In
contrast to tensor parallelism, our approach avoids frequent all-to-all communication and therefore
does not depend on high-bandwidth interconnects.

10
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[ outer optimizer state B inner optimizer state
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Figure 2: Streaming synchronization. Comparison of memory usage and test perplexity with
and without streaming synchronization for DiLoCo and our approach in training a 1.3B parameter
language model across 32 compute nodes. In all experiments, the 24 layers were grouped sequentially
into groups of 3, yielding 8 layer groups plus a ninth group for the embedding and outer normalization
layers. (a) Estimated memory usage per GPU (Sec. 3.2). (b) Final test perplexity after training on
26B tokens.

Appendix B. Experiments

B.1. Communication Overhead

We compare our method with Streaming DiL.oCo and standard DDP by simulating total training time
under bandwidth-constrained conditions. While low-communication methods require more training
tokens to achieve the same performance as Distributed Data Parallel (DDP), they are significantly
faster in terms of wall-clock time on slow networks.

Our simulation model deliberately favors DDP by assuming perfect overlap between computation
and communication, giving a per-step runtime of 7' = max (Tcomm, Tcomp). In contrast, for low-
communication methods we assume no overlap: 7' = Teomm + Teomp-

2M(K —1)
K-B
This estimate assumes that peak bandwidth is fully utilized which may not hold in real-world
environments.
For a 1.3B parameter model trained in bf1 6, the total gradient size is approximately:

Teomm ~

M =1.3-10% - 2 bytes = 2.6 GB.

Assuming K = 32 training nodes connected via Wi-Fi 8 (with a peak bandwidth of B = 23 Gbps =
2.875 GBY/s), the estimated communication time per step becomes:

2-26GB-31 161.2

32.9875GB/s 92 ~ 1.75 seconds.

Tcomm ~
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In comparison, the measured step time on an H100 GPU with batch size 16 is approximately 0.44
seconds, showing that every step gradient synchronization would dominate the runtime even under
relatively high wireless bandwidth (e.g., Wi-Fi 8).

In contrast, our method and Streaming DilLoCo synchronize gradients infrequently—once every
S = 100 steps in our experiments. This reduces the average communication overhead to:
Teomm _ 1.75

Teomm-low = 5 ~ 00 = 0.0175 seconds.

Douillard et al. [7] propose overlapping communication and computation via gradient delaying to
further reduce communication overhead. However, even without such optimizations, we show in
Figure 1c that our method and Streaming DiLLoCo achieve significantly faster training under limited
bandwidth compared to every step synchronization. For example, under a Wi-Fi 8 connection, DDP
training takes roughly three times longer than low-communication approaches—even under idealized
assumptions of peak bandwidth utilization. While techniques like gradient delaying can further
reduce communication cost, they are orthogonal to the main contributions of this work.

B.2. Memory overhead

One way to reduce peak memory usage in low-communication distributed training is to lower the
memory consumed by the outer optimizer state and offloaded parameters. When parameters are
synchronized in groups with multiple local steps in between, it becomes unnecessary to keep the
full optimizer state in memory at every step. Instead, it is sufficient to load the state and parameters
corresponding to the active group. In Douillard et al. [7], parameters are grouped by transformer
layers, either sequentially or using a strided pattern. We adopt this streaming synchronization strategy
in all our experiments to ensure a fair comparison. However, our method is orthogonal to this
idea: our primary goal is to reduce the memory footprint of the inner optimizer state and gradients.
Streaming synchronization can be applied in addition to our method to further reduce memory usage
(Figure 2a). As observed in Douillard et al. [7], synchronization in groups does not lead to any
noticeable performance difference, either for our approach or for DiLoCo (Table 2b).
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