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Abstract

Scaling foundation model training with Distributed Data Parallel (DDP) methods is
bandwidth-limited. Existing infrequent communication methods like Local SGD
were designed to synchronize only model parameters and cannot be trivially ap-
plied to adaptive optimizers due to additional optimizer states. Current approaches
extending Local SGD either lack convergence guarantees or require synchronizing
all optimizer states, tripling communication costs. We propose Desynced Low
Communication Adaptive Optimizers (DES-LOC), a family of optimizers assign-
ing independent synchronization periods to parameters and momenta, enabling
lower communication costs while preserving convergence. Through extensive
experiments on language models of up to 1.7B, we show that DES-LOC can com-
municate 170x less than DDP and 2 x less than the previous state-of-the-art Local
Adam. Furthermore, unlike previous heuristic approaches, DES-LOC is suited for
practical training scenarios prone to system failures. DES-LOC offers a scalable,
bandwidth-efficient, and fault-tolerant solution for foundation model training.

1 Introduction

Training foundation models requires distributing optimization across multiple workers to accommo-
date memory requirements and leverage additional compute. However, frequent gradient commu-
nication in standard Distributed Data Parallelism (DDP) [22, 37, 30, 53] increases networking costs
and limits scalability. Early works like Local SGD [40] and FedAvg [26] reduced this overhead by
synchronizing across workers infrequently, averaging model parameters only after ' > 1 local steps
rather than gradients every step. However, modern foundation model training, e.g., of Large Language
Models [13], does not use Stochastic Gradient Descent, but rather adaptive optimizers [20, 8, 47, 43]
to scale effectively to larger batches [21], at the expense of maintaining additional optimizer states.

Some extensions of Local SGD to adaptive optimizers [34, 12] average only model parameters; yet,
this poses challenges. First, they lack convergence guarantees. Second, keeping optimizer states
local [12, 7, 24] accumulates noisy small-batch gradients and does not provide a means of adding
new workers. This makes them unsuitable for environments prone to random system failures. Third,
re-initializing optimizer states [33, 34, 16] destabilizes training by triggering loss spikes [33, 34].

Local Adam [9] addresses these challenges, proving periodic synchronization can converge faster
than standard Adam with DDP, and remain robust to the addition of new workers. However, it requires
synchronizing optimizer states alongside model parameters, tripling communication payload size
compared to Local SGD and DDP. Hence, our work aims to answer the following question:

Can independently syncing parameters and momenta improve communication
efficiency for adaptive optimizers while maintaining convergence and robustness?
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As a result of our inquiry, we propose a new optimizer family, Desynced Low Communication
Adaptive Optimizers (DES-L0OC), which sets independent synchronization frequencies for model
parameters and optimizer states. This approach reduces communication overhead by synchronizing
optimizer states less often. For base adaptive optimizers like Adam [20] and ADOPT [43], DES-L0OC
decouples the synchronization intervals for parameters, first momentum, and second momentum.

Empirically, we find that DES-LOC outperforms Local Adam [9] in communication efficiency by 2 x
and DDP by 170x when training language models while offering several advantages:

Contributions :

1. Provable convergence. We prove convergence (see Section 3) for DES-LOC under two settings:
non-convex objectives when using SGD with momentum (SGDM), and weakly convex objectives
when using Adam. Since momentum sync frequencies appear in higher-order terms, our theory
shows them to be less important. Our Adam proof assumes homogeneous losses, while our SGDM
analysis allows heterogeneous losses typical in federated or distributed settings.

2. Communication reduction. Aligned with theory, we empirically show that parameters require
equal or more frequent synchronization than momenta, and that less frequent momentum sync
reduces communication (2 vs Local Adam, 170X vs DDP). We demonstrate these savings persist
under heterogeneous data sampling (Appendix C.3.1), consistent with our DES-LOC-SGDM analysis.

3. Scalability to large models. We validate DES-LOC at billion-scale language model training with
extended durations, demonstrating competitive ICL performance against both Local Adam and DDP.

4. Hardware robustness. Unlike previous heuristic methods [12, 34], DES-LOC avoids persistent
local states, enabling it to seamlessly integrate new workers during batch-size scheduling [39, 13]
or to support environments prone to random system failures.

Given the shift toward larger models and extended pre-training [1, 13] far beyond compute-optimal
token counts [15], DES-LOC’s convergence guarantees, reduced communication, and strong long-
horizon performance make it a compelling replacement for DDP, enabling efficient scaling across
geographically distributed data centers without additional communication infrastructure.

2 Desynced Low Communication Adaptive Optimizers (DES-L0C)

We start by characterizing the relation between the rate of change of optimizer states and Local
Adam, and how these can be leveraged to lower the communication cost. Consider the Adam update:

up = Brwg—1 + (1 — B1)ge, (D
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For Local Adam, convergence is contingent on 35 satisfying 1 — 32 = (5([( —3/2R=1/2) [9] where
K is the number of local steps and R the total communication rounds. Large K or R, typical in
foundation model training [34], implies 52 — 1, and conversely larger 82 permits higher K or R.

A useful summary measure is the number of steps until a state’s weight decays to a fraction ¢, 7, (8) =

}E’g Following Pagliardini et al. [27], we use the half-life 7 5 as our primary measure, omitting

when clear. For typical values of 3, we have 7.5(0.95) &~ 13.5 [1], 79.5(0.999) ~ 692.8 [20], and
70.5(0.9999) ~ 6931 [43]. Intuitively, larger half-lives imply synchronizing gradients over longer
horizons as the optimizer is less sensitive to new gradients; choosing § = 0 ignores all previous
momenta, whereas 5 — 1 progressively attenuates signal from the current gradient.

While the half-life captures the horizon for which an optimizer state remains relevant to model
updates, it provides no information on its absolute rate of change. With coordinate-wise clipping,
each gradient component satisfies |(g¢);| < p. Unrolling Adam’s recursions for K local steps gives:
K—1
uerk =B u+ (1= 81> B gryx—1-k, 3)
k=0
K—1
Vi = Byve + (1 — B2) Z BY (g4 K-1-k © Grok—1-k)- 4
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Since |g;.;| < pand |(g: © g1)i| < p?, the maximal ¢+, drift of each moment is (see Appendix G):
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From the above, large (5 values and small clip bounds p, a common practice in foundation model
training [6, 36], limit the absolute changes in optimizer states. We can construct similar reasoning
for other optimizers [42, 43], and norm-based clipping [28, 6]. From the above, the half-life of an
optimizer state should inform its synchronization frequency. For example, if 79 5(0.95) ~ 13.5 and
K = 256, synchronization only affects few initial local steps. Over the course of the local training,
the impact of the synchronised optimizer state shall decay to 0 given Equations 5 and 6. Conversely,
if K = 16, synchronization approximately matches the half-life, strongly influencing local updates.

2.1 DES-LOC Algorithm

Algorithm 1 DES-L0OC

Require: Model tensors, update functions, hyper-parameters

zo € RY, {57 ) € (RM)N — initial parameter vector, the initial N optimizer states
{UPDATE } ;V:I - (R x R — RN — updates optimizer state j from its previous state and the gradient.
0PT : R? x R? x Ry x (RY)™ — R? — update params from the gradient, Ir, and optimizer states.

T, M € Ny — total optimization steps and number of workers
: K, € Ny, {K;})5, € (N+)" — communication periods (steps)
Ensure: zr, {s]f_l}é-v:l
7: for each worker m: zf' < xo,s”7" « 57 | local init
8: fort = O, P ,T —1do training loop
9: for all workers m = 0,..., M — 1 in parallel do

1
2
3
4 peRy, {m} € (Ry)T=! — clipping radius for elip(-, p), learning-rate for each time-step
5
6

10: git VF(Z‘?, ﬁ;n) stochastic grad
11: ./q\? — Clip(g:ﬂ, p) per-coordinate clipping
12: for j = 1to N do

13: if t mod K; = O then sync s’
14: s]™ < UPDATE’ (E. [s]"}], G7")

15: else

16: s]"™ < UPDATE’ (s]'"}, Gi")

17: if t mod K, = O then sync x
18: iy OPT(Em[xtm}, §{”,m,{s{’m}§\;1)

19: else

20: zi%y « OPT(z/™, E{n,m,{si’m};\;l)

Motivated by the above insights, we formalize Desynced Low Communication Adaptive Opti-
mizers as a family of optimizers offering the same convergence and robustness as Local Adam
but with significantly lower communication costs. Our approach applies generically to adap-
tive optimizers parameterized by OPT : (R% R% R.g, {R9}) — R?, with N optimizer states
{s’ 1}§V:1 C R?, each updated by UPDATE’ : (RY,R?) — R?. Coordinate-wise clipping is de-
fined as [clip(X, p)]; = sgn([X];) - min{|X;|, p}. We focus our analysis on SGDM and Adam.

As shown in Algorithm 1, DES-LOC synchronizes parameters - € R* and optimizer states {s7}}, at

state-specific intervals K, {Kj }évzl eNy. Setting N = 2, s} = Uy, sf = ¢, and using update rules
UPDATE!, UPDATE? from Eq. 2 yields DES-LOC-Adam (see Algorithm 2).

Toy Example To highlight DES-LOC’s practical benefit, Fig. 2 illustrates a scenario where DES-LOC
and Local Adam converge under noisy gradients, while prior heuristic methods [12, 34, 16, 33] fail.
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Figure 2: We present a toy problem where DES-LOC (K, = 192, K, = 192, K, = 692) and
Local Adam (K = K,) both converge to the optimum (overlapping in Fig. 2a). Methods keeping
optimizer states local gy [12, 34] fail, causing oscillations without convergence. Periodically resetting
states g [33, 16] similarly stalls due to repeated oscillations. We optimize the non-convex function
f(x1,22) = (1 — 1) + 100(z2 — x2)? with M = 256 workers and IID Gaussian noise (o = 1.5).

3 Convergence Guarantees for DES-1L0C

In this section, we provide theoretical support for the proposed DES-LOC approach and demonstrate
that synchronizing optimizer states is less critical to overall convergence than model averaging.
To keep the presentation concise, we focus on a version of the Adam optimizer that uses only a
single momentum state (i.e., SGD with momentum). Extensions to the full Adam optimizer with
both momentum states can be carried out using analysis techniques from [23] for convergence in
expectation, and from [9] for high-probability guarantees; we provide an informal result here and
defer all detailed proofs and technical discussions to the appendix.

Formally, we consider the following optimization problem:
minegs f(2) = 57 gy fnl@), with fin(2) = Beup, [Fon (3 6)]. ™

In this setup, all M machines collaboratively minimize the objective in (7). Generally, we assume
each machine m has access to only dataset D,,,, which can differ from device to device. This recovers
the homogeneous distribution case when all machines have the same dataset D1 = Dy = --- = Dy,
and minimize the same loss f1(z) = fa(z) = -+ = f(x) = f(x). As in practice, we assume each
machine m computes mini-batch stochastic gradients corresponding to randomly selected samples
¢ ~ D,, from dataset D,,,. To derive convergence bounds, we further assume the following standard
technical assumptions on the problem structure and stochastic gradients.

Assumption 1 (Lower bound and smoothness). The overall loss function f: R* — R is lower
bounded by some f* € R and all local loss functions f, are L-smooth:

IV fn(2) = Vm@W) < Lllz —yll,  forany 2,y € R

Assumption 2 (Unbiased noise with bounded stochastic variance). The stochastic gradient g of
local loss function f,, computed by machine m is unbiased and the noise has bounded variance:

Elg™] = Vin(z), Ellg" = Vin(@)|? <0 foranyxe R
Assumption 3 (Bounded heterogeneity). For any x € RY, the heterogeneity is bounded by
M
37 Lomet [V m(@)IIP < G? + B[V f ().

All three assumptions are standard and widely used in the convergence analysis of optimization
algorithms [48, 19, 45, 49]. Note that the bounded heterogeneity condition recovers the homogeneous
case when G? = 0 and B? = 1. To facilitate the technical presentation of the analysis, we view
model and optimizer state synchronizations through assigning probabilities to each averaging event.
Particularly, instead of averaging model parameters every K, steps (i.e., t mod K, = 0), we average
with probability p, = K%E’ which are statistically equivalent. In the following theorem, we provide
convergence rate of SGDM optimizer under such probabilistic and decoupled synchronization:



Theorem 1. Let Assumptions 1, 2 and 3 hold. Then, choosing the step size n = min(y, %) with

def 1 0 def 4(1—py) . (1=8)1=pu)
M = ir mln( -8, . ’7d)max(1 — 1)) , where ¢ = =5 T=(-pu)B (8)

the average iterates x; = E,, [x]*] of DES-LOC-SGDM converge with the following rate:

i EIVI @)l < (Fo) — 1+ 557) +0 (452). ©)

We now discuss the convergence result and its implications. First, the obtained rate (9) is asymptot-
ically optimal for this setup [2]. Notably, the leading term O( \/1T) is unaffected by the number of
local steps or by the decoupled synchronization approach we propose. Interestingly, probabilities
D> Pu, and the momentum parameter 3 appear only in the higher-order term O(%), and thus have a
limited impact on the convergence speed. In particular, setting p,, = 1 and p,, = 0 (which implies
1 = 0) recovers standard mini-batch SGDM and its corresponding convergence rate [25].

Regarding the relative importance of model and optimizer state synchronization steps, it is evident
from (8) that model synchronization has a greater impact on convergence due to the dependence
P = (9( ). Moreover, momentum averaging can be turned off entirely (p,, = 0) without affecting

the asym[;totlc behavior of the rate. Clearly, the same is not true for model averaging: with vanishing
Dz, the ¢ term becomes unbounded and breaks the rate. However, since the ¢ term also appears
in the step-size restriction (8), increasing the frequency p, of momentum averaging—while not
changing the asymptotic rate—allows for a larger step size in theory, potentially leading to faster
convergence in practice. Overall, the obtained theory justifies the hypothesis that momentum states
can be synchronized less frequently than the model parameters and that more averaging improves
convergence through supporting larger step sizes.

For DES-LOC-Adam, we generalize the convergence result of [9] as follows,

Theorem 2 (Informal). Let K.y, = lem{K,, K, KU}I, f be weakly-convex and the same assump-
tions as in Theorem 3 of [9], then with probability > 1 — §, DES-LOC yields,

R—1 Kiem— LAG2
5 = A
E E \Y% — 1
K. mRT 5 = ” FE0I = MK\ R |’ (10)

where Z,.}, is an auxiliary sequence of x, i, and o bounds stochastic noise (see Appendix for details).

Theorem 2 generalizes the convergence result of local Adam [9] to the case of different state-specific
intervals K, K(,,, K,,. A full version of Theorem 2 is provided in the Appendix.

4 Experimental Design

Our experimental setup addresses the following research questions:

RQ1 Do theoretical rates of change predict the empirical evolution of optimizer states?

RQ2 How does the synchronization frequency of a model/optimizer state impact performance?
RQ3 To what extent can DES-LOC cut communication w.r.t. Local Adam in practical scenarios?
RQ4 How does DES-LOC scale with increasing model size and longer training horizons?

4.1 Experimental Setup

Models and data. Unless noted, we train a 135M-parameter GPT-style model (see Table 2) with
sequence length 2048. Following Sani et al. [34], we distinguish worker batch size B,, from global
batch size B = ZM ! B.,. By default, we evenly split a global batch of 2M tokens across M = 4
workers, sampling IID from SmolLM2 [1]: 70% Fineweb-Edu [29], 10% Cosmopedia [4], 10%
Python-Edu, 5% FineMath 4+, and 5% Infi-WebMath 4+. The 135M model trains for 6.4B

"Least common multiple.



tokens (2.4x compute-optimal [15]). For RQ4, we scale to 1.7B for 40B tokens (2x compute-
optimal) following recent practice [13, 35, 1]. In heterogeneous experiments, each worker samples
one dataset component except the Fineweb-Edu worker, which samples the Smo1LM2 mixture.

Optimizers. We use Adam [20] and its problem-independent variant ADOPT [43]. By modifying the
second-moment update, ADOPT guarantees optimal-rate convergence for any 35 and stabilizes small
per-worker batches without altering Adam’s core properties. For the 135M-parameter experiments,
we grid-search ((, 82,n) under DDP; the 1.7B model adopts hyperparameters from Allal et al.
[1], Taniguchi et al. [43]. Learning rates follow the warmup-stable-decay (WSD) schedule [14, 1]. We
favor ADOPT with default S = 0.9999 in high- regimes where Adam is often unstable.

Baselines. We compare DES-LOC with: (i) fully synchronous Adam/ADOPT via DDP; (ii) Local
Adan/ADOPT; (iii) FedAvg/Local SGD persistently keeping optimizer states [34, 12], which we call
FAVG+-OPT; and (iv) FedAvg resetting optimizer states [33, 16], which we call FAVG—0PT;. Persistent-
state FedAvg corresponds to DES-LOC with infinite state sync periods (K, K,, = 00), providing an
upper bound on communication efficiency. We expect DDP to serve as an upper bound on performance
for the machine-learning objective. When discussing hardware robustness, we are concerned with
environments prone to systems failures and the repeated re-allocation of workers.

Metrics. We evaluate DES-LOC and baselines by (i) perplexity and (ii) per-worker asymptotic
communication cost assuming a bandwidth-optimal Ring-A11Reduce [37] algorithm scaling linearly
with model size. For the 1.7B model, we report standard in-context-learning (ICL) benchmarks [6]
as they become discriminative at larger scales, we use a zero-shot setting for ICL tasks unless stated
otherwise following Allal et al. [1] and report the best performing communication-efficient method
in blue with the best-performing overall in bold. To fairly compare optimizer-state changes across
decay rates, we measure their relative rates of change as || sty x — St||2/||s¢||2. For convergence plot
comparisons, we report metric means and standard deviations computed over the last round (shown
next to labels). In addition, we provide in the supplementary materials an analysis on the wall-clock
time benefits of our approach compared to the baseline, along with our system modeling.

5 Evaluation

Our results show optimizer states change at different rates (Section 5.1), forming a clear synchro-
nization hierarchy (Section 5.2). DES-LOC reduces communication 2x vs. Local Adam (Section 5.3)
while converging robustly with adding workers and scaling effectively to large models (Section 5.4).

5.1 Higher g Optimizer States Have Slower Empirical Rates of Change (RQ1)

Figure 3 shows that relative rates of change for the two momenta in Local ADOPT/Adam scale with
their decay rates under gradient clipping (p = 1). Supported by our theoretical discussion on momenta
half-lives (Section 2), the second momentum evolves substantially slower than the first at high-/5.
For Local Adam, the second momentum remains slower even when (35 ~ f31, potentially because
gradient variance [20] evolves slower than the mean direction (first momentum).

Takeaway: As discussed in Sections 2 and 3, when 31 < (2, the second momentum evolves slower

than the first, proportional to half-life ratio of the two 2?7223 = }ggg;; )

5.2 Parameters Require Frequent Sync, Momenta Sync Proportional to 5 (RQ2)

Figure 4 evaluates the effect of independently varying synchronization periods (K, K, K,) for
parameters and optimizer states. We consider two baseline periods (K, = 16, 256), chosen based
on the fastest state’s half-life (7.5(0.95) &~ 13.5). Frequent parameter synchronization (K ) is
crucial for performance, while synchronizing momenta (X, K,) significantly impacts training only
if their half-lives align with the base frequency Kj. Otherwise, synchronization frequency primarily
influences communication costs rather than model quality. Adam results can be seen in Appendix C.
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Figure 3: Relative rates of change for first and second momenta across rounds using standard Local
ADOPT/Adam (K = 64). For ADOPT (82 = 0.9999), increasing 3, > 0.99 greatly slows the first-
momentum rate of change. The second momentum evolves ~ 100x slower (note y-axis is in log
scale), consistent with their decay rates and half-lives. For Adam, higher (31, 82 slow both momenta.
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Figure 4: Model perplexity for DES-LOC (ADOPT, 31 = 0.95, B2 = 0.9999), varying synchronization
periods independently (others fixed at K3). Parameter synchronization (a) is critical, with sharp
degradation at higher periods. Second-momentum synchronization (b) minimally affects performance
due to its large half-life (79.5(82) > K3). First-momentum synchronization significantly improves
perplexity (c) only when the baseline matches its half-life (K} = 16), having minimal impact other-
wise (d). Parameters and second momentum behave similarly across sync frequencies (Appendix C)

Takeaway: Parameter synchronization frequency (K) strongly impacts performance, motivated
by the leading term in theoretical bounds (Section 3). Momentum synchronization periods matter
empirically only when chosen near their half-lives, consistent with Sections 2 and 3.

5.3 DES-LOC Brings 2x Communication Reductions Relative to Local Adam (RQ3)

Figure 5 shows DES-LOC achieves a 2x communication reduction over the prior state-of-the-art
Local Adam [9] without significant perplexity degradation, even when adding workers. Synchronizing



parameters at K, = K (matching Local Adam) and momenta at K, = 3K, K,, = 6K, consistently
yields minimal degradation, aligning with the slower evolution and lower sensitivity of second-
momentum sync frequency (Fig. 4). Other low communication configurations are in Appendix C.
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(c) Perplexity impact of doubling workers, K, = 128.  (d) Gradient norms after doubling workers, K, = 128.

Figure 5: Setting K, = K, K,, = 3K, and K,, = 6K, DES-L0OC achieves a 2x communication
reduction over Local Adam, matching performance at high (a) and low (b) frequencies for Local
Adam and heuristic baselines (see Section 4.1). We demonstrate robustness to the addition of new
workers by doubling worker count at step 1536 (c,d); DES-LOC and Local Adam remain stable in
perplexity/gradient norms, outperforming heuristic methods and ad-hoc optimizer-state averaging.

Takeaway: DES-LOC achieves a 2x communication reduction over Local Adam by leveraging two
insights: optimizer-state sync matters less than parameter sync, and slower-changing states (high 52)
can sync less often. By eventually syncing all optimizer states, DES-LOC matches the robustness of
Local Adam with K = max (K, Ku, Kv) when adding new workers/responding to system failures.

5.4 DES-LOC Performs Well At Large-scale Long Horizon Training (RQ4)

Figure 6 shows that DES-LOC reliably scales to billion-scale models and extensive training workloads.
Evaluating the billion-scale models on the ICL tasks (Table 1), DES-LOC remains competitive with
all baselines while significantly reducing communication versus Local Adam and DDP. The heuristic
baseline [34] suffers notable training instabilities (Fig. 6.b) potentially impacting its downstream
performance (Table 1) and underscoring the advantage of DES-L0OC’s training stability.

0.0 1.0 -
------ DDP (8.45+0.18) <-ss= DDP (0.04£0.01) 0.15
301 DES-LOC (8.93+0.44) 08 DES-LOC (0.13+0.00) 0.1
gj Local Adam (8.95+0.48) 2 Local Adam (0.07+0.01) 0.05
K —— FAVG-OPT (8.09-0.39) 206 —— FAVG+OPT (0.4040.02) 0
=% 2 1
5 g 04 F
[N 3 H
104 é 0.2 yz,-
) 0.0
2500 5000 7500 10000 12500 15000 17500 20000 0 2500 5000 7500 10000 12500 15000 17500 20000
Sequential Steps Sequential Steps
(a) DES-LOC-ADOPT 1B-model perplexity (b) DES-LOC-ADOPT 1B-model activations

Figure 6: DES-LOC matches Local Adam perplexity for billion-scale model training at half the
communication cost (K, = 256, K, = 3K, K, = 6K,), representing a 170x reduction over
DDP. Though initially behind DDP, both DES-LOC and Local Adam quickly converge to competitive
perplexity at longer training horizons. Federated Averaging (keeping optimizer states) achieves rea-
sonable performance (a) but suffers activation growth (b) and parameter-norm growth (Appendix C),
potentially due to noisy local updates, raising concerns for extended training (> 11 trillion tokens [1]).



Table 1: Our billion-scale model trained with DES-LOC matches or surpasses the In-context Learning
(ICL) performance of models trained with Local Adam and Federated Averaging (keeping local
optimizer states), approaching DDP performance. Federated Averaging (keeping local optimizer
states) slightly underperforms compared to its perplexity results from Fig. 6.a, indicating that the
activation increases (Fig. 6.b) from the unstable training procedure may have damaged the model.

Method Arc Challenge [11] ArcEasy[11] PIQA([5] HellaSwag[50] Avg
DES-L0C 31.8 59.0 70.7 44.9 51.6
Local Adam 31.9 59.0 70.6 45.8 51.8
FAVG+0PT 30.1 58.0 70.0 44.8 50.7
DDP 33.8 62.5 71.1 47.8 53.8

Takeaway: DES-LOC enables efficient training of large-scale foundation models, especially at long
training horizons, achieving downstream ICL performance competitive with DDP.

6 Related Work and Limitations

Communication bottlenecks for DDP. In synchronous data-parallel training, workers ex-
change full gradients or parameters every iteration, incurring linear communication costs using
Ring-AllReduce [37]. When hardware is weakly connected or widely distributed, communication
significantly slows wall-clock training time [34] as workers need to wait for synchronization to finish.

Periodic local updates. Federated Averaging (FedAvg) [26] and Local SGD [40] reduce com-
munication by performing K local optimization steps before averaging parameters, decreasing
communication rounds by a factor of K. Although provably convergent for distributed SGD, these
guarantees do not extend to adaptive optimizers commonly used for foundation models, due to local
optimizer states. Ad-hoc solutions either keep optimizer states local [12, 7, 24] or reset them after
each sync [33, 34], both lacking robust convergence guarantees, unlike Local SGD.

Local stateful optimizers under communication constraints. Adam [20] is widely adopted for
pre-training because it scales to larger batches than SGD [21], suiting large GPU clusters [13]. It
approximates the gradient’s sign [3] using exponential moving averages of gradients and their
squares; however, its convergence is not guaranteed as it requires 31 < /B2 < 1, with large,
problem-specific S5 [31, 52]. Other momentum-based and adaptive optimizers [42, 8, 47, 43]
also track gradient moments. Local Adam [9] reduces communication by allowing multiple local
optimization steps before global averaging and converges faster than DDP per communication round,
provided each worker syncs parameters and optimizer states. However, synchronizing these states
triples communication relative to Local SGD/DDP, offsetting the reduced frequency. In general, sync
costs scale linearly with the number of optimizer states.

Limitations. First, while our main non-convex convergence result holds for SGDV, in the case of
Adam we discuss the analyses (both in expectation and high-probability results) with additional
assumptions such as bounded gradient condition and homogeneous data distribution. Nevertheless,
these assumptions are commonly used in the non-convex adaptive optimization. Second, due to
compute limitations (two machines with 4 x A40s and two with 4 xH100s), our hyperparameter search
was extensive yet constrained to smaller models. Lastly, while our analysis uses Adam/AMSGrad,
many experiments use modified Adam (ADOPT) [43].

7 Conclusion

DES-LOC reconciles communication efficiency with rigorous convergence guarantees in distributed
adaptive optimization. By extending theory to the independent synchronization of Adam and SGDM
optimizer states, we empirically demonstrate convergence alongside 170x and 2 x communication
reductions over DDP and prior state-of-the-art methods at billion-scale LLM training, even in envi-
ronments prone to system failures. Our findings yield clear guidelines: i) frequently synchronize
parameters, and ii) synchronize optimizer states less often, proportional to their half-lives. These
insights open avenues for future research, including layer-wise synchronization, adaptive frequencies,



compressed updates, as well as emerging applications, such as worldwide cross-data center training
and collaborative training. As training workloads scale, we envision DES-LOC becoming the standard
for efficient, resilient foundation-model training in data centers and general distributed environments.
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B Experimental Details and Optimizer Hyperparameter Sweeps (See
Section 4.1)

Here we provide additional experimental details complementing those in Section 4.1, including: a)
model architecture details and hyperparameters independent of optimizer choice (Appendix B.1), b)
our hyperparameter sweep procedure to select optimizer-specific settings (Appendix B.2), and c) the
optimal hyperparameters with those used in Section 5 highlighted in bold.

B.1 Architecture Details and Hyperparameters

Table 2: Model architecture and training parameters. We denote the number of transformer blocks by
#Blocks, number of attention heads by #Heads, embedding dimension by d,,q4e1, VOcabulary size
by |V], and feedforward-layer expansion by Exp. Ratio. All models use positional embeddings [41],
the silu activation function, and norm-based gradient clipping with clip-bound p. Global batch size
(summed across all workers) is |Bg|, and sequence length is standard for models at these scales. For
model initialization we use 0 = 1/\/@oqa. The total number of steps is denoted by T'.

Model Size Blocks dmoder |V| #Heads Exp.Ratio ROPE# ACT Initc p SeqLen |Bg| T
135M 30 576 50K 9 4 10000 silu  0.04 1.0 2048 1024 1536,3072
1.7B 24 2048 50K 16 4 10000 silu  0.02 1.0 2048 1024 20480

Table 2 summarizes the architectural details of our models, following established practices for large
language models at their respective scales. Unless otherwise stated, we adopt the hyperparameters
recommended by Allal et al. [1] for both the 135M and the 1.7B models. We operate at a batch size
of 2M tokens, which is very large for the 135M model at the length of training we perform [51]
and industry-standard for the 1.7B model [44], we chose to operate at large batch sizes because
adaptive optimizers provide benefits primarily in large-batch training regimes [21]. Moreover,
we intend DES-LOC for use in cross data-center scenarios, where effectively utilizing available
accelerators naturally demands large batch sizes and/or model scales. For both model sizes, we train
for approximately 2x the compute-optimal token budget [15], placing our evaluations within the
context of extended-duration foundation model training [1]. Our chosen token budget is conservative
due to resource constraints; for comparison, Allal et al. [1] used 11 trillion tokens which is over
4000x compute-optimal for the 135M model, and 300x for the 1.7B.

We select warmup and decay schedules following recommendations from Zhang et al. [51], Hégele
et al. [14], Allal et al. [1]. For the 135M model, the warmup period is set to Tywarm = 512 steps,
corresponding to the roughly 40% of the compute-optimal training tokens recommended by Zhang
etal. [51]. For the 1.7B model, we use the recommended Tiwarnm = 2048 steps from Allal et al. [1],
roughly 10% of total training. The stable-decay period uses a 1 — SQRT schedule over the final
Toecay = 10% x T steps [14]. For shorter runs, such as 7' = 1536 during heterogeneous-data
evaluations, we keep the warmup fixed and proportionally scale the decay to ensure well-conditioned
parameter updates during the stable learning rate period. The seeds we use for data sampling and for
controlling the training algorithms and model are provided in the code accompanying the appendix.

B.2 Optimizer Parameters Sweeping Procedure

As detailed in Section 2 and verified empirically in Section 5.2, the choice of decay rates 31, 52

strongly influences the effective synchronization frequencies achievable by both DES-LOC and Local

Adam. This relationship arises directly from the half-life of optimizer states, given by 795 = lﬁf%) .

For Adam, prior studies such as Wortsman et al. [46] have demonstrated a critical interplay between
the learning rate (7)), batch size, and the second-momentum decay . Specifically, increasing either
the learning rate or batch size typically demands a lower 35 to maintain training stability and avoid
loss spikes. Conversely, higher (3, values constrain the learning rate and batch size. Such dynamics
have also been recently observed between the learning rate and the first-momentum decay ; in
Pagliardini et al. [27]. Given that all our experiments use a fixed large batch size of roughly 2 million
tokens (appropriate for billion-scale training), we systematically tune the learning rate 7 in response
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to changes in 31, B2. We try values of 31, B2 based on previous works [51] and follow the theoretical
convergence requirement of Zhang et al. [52] setting 51 < /[2.

Due to computational constraints, we cannot jointly optimize synchronization periods, data distribu-
tions, and decay parameters, and instead adopt a structured two-stage tuning approach:

1. Stage 1: Tuning n for DDP. Starting from the recommended baseline learning rate
(no) from Allal et al. [1], we conduct a grid search as outlined by Charles et al. [7]:

{.. \@_2770, \/5_1770, 10, V210, \@27)0, ... } We expand this search until perplexity stops
improving, identifying an optimal learning rate 75, for each (51, 82) configuration.

2. Stage 2: Tuning 7 for Local Adam. We then repeat this procedure for Local Adam,
using n3pp as the new baseline. To balance generalizability and computational cost, we set
the synchronization period to an intermediate value of K = 64, between high-frequency
(K = 16) and low-frequency (K = 256) scenarios.

Additionally, following Zhang et al. [51], we omit weight decay (set to zero) to simplify the hyperpa-
rameter tuning process, as it directly affects only model parameters, not optimizer states.

B.2.1 Optimizers’ Hyperparameter Configurations

Table 3: Optimal learning rates n* for 31, B2 configurations of ADOPT/Adam. The hyperparameter
sweep procedure (see Appendix B.2) involves incrementally adjusting the learning rate by factors of
/2 around the initial value from Allal et al. [1] until performance stops improving.
Optimizer b1 B2 n*
0.9 0.9999  0.0021
0.95 0.9999 0.0021
0.99  0.9999  0.0014
0.995 0.9999  0.0007
0.9 0.95 0.0042
0.95 0.95 0.003
Adam 0.9 0.99 0.003
0.95 0.99 0.003
0.99 0.99 0.0021

ADOPT

Our hyperparameter sweep (Table 3) indicates that the optimal learning rate n* under the warmup-
stable-decay scheduler [ 14] strongly depends on both optimizer type and the chosen 31, 52 values. For
Adam, optimal learning rates and second-momentum decay () align closely with recommendations
from Allal et al. [1], though a slightly higher first-momentum decay (3;) consistently performs better,
in agreement with prior findings [51]. For ADOPT (default 35), we observe a lower optimal learning
rate compared to Adam, but similar best-performing 31 values. We also find that the optimal learning
rate does not differ between DDP and Local Adam for given (31, S when K = 64 and using a v/2
sweep, higher learning rates either do not provide a benefit or diverge while lower learning rates are
only necessary when pushing K far closer to the complete training duration.

We find that increasing 3, for ADOPT, and (31, 82 for Adam, leads to rapid performance degradation,
particularly at or above 0.99. Since the half-life at 5 = 0.99 (79,5 ~ 69) is not sufficiently longer
than at 8 = 0.95 (7.5 ~ 13.5) to justify the observed performance drop, we select 51 = 0.95 for all
experiments, along with the default 55 for ADOPT and (2 = 0.95 for Adam.

Takeaway: Increasing an optimizer state’s (§ significantly affects performance. Since linear increases
in 8 cause only logarithmic changes in half-life 7q 5, raising 5 beyond the optimal value degrades
performance without substantially improving the achievable synchronization frequency (Section 5.2).

C Complementary Results to Sections 2.1 and 5

We now provide additional results supplementing those presented in the main text. Specifically:
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1. Appendix C.1 complements Fig. 2a by including results on the heterogeneous data dis-
tribution described in Section 4.1. This highlights DES-LOC’s robustness under imperfect
sampling or strongly Non-IID federated scenarios [see 17, Sec 3.1].

2. Appendix C.2.1 complements Fig. 4 by showing the separate impact of varying synchro-
nization frequencies for parameters and the second momentum when the base frequency
is K = 16. It supports our claim that parameters and second momentum exhibit similar
behavior across different synchronization regimes, unlike the first momentum.

3. Appendix C.2.2 extends Fig. 4 by evaluating DES-LOC-Adam. We confirm that the parameter
synchronization frequency is the most important, as predicted by our theory. In contrast, the
momenta sync frequency is far less impactful, especially for low parameter sync frequencies.

4. Appendix C.3.1 complements Fig. 5 by showing DES-LOC-ADOPT’s perplexity against
baseline methods on heterogeneous data (as defined in Section 4.1). This validates our claim
from Contribution 2 regarding DES-LOC’s effectiveness on heterogeneous datasets.

5. Appendix C.3.2 presents an ablation study examining alternative low-communication
configurations of DES-LQOC, justifying our choice of K, = 3K, K,, = 6 K, used in Fig. 5.

6. Appendix C.3.3 repeats the baseline comparison from Fig. 5 for DES-LOC-Adam, demon-
strating that DES-LOC achieves similar communication reductions and performance when
using Adam instead of ADOPT.

7. Appendix C.4 provides additional metrics illustrating training instabilities for the FAVG+0PT
baseline, including rapidly growing parameter norms, supporting observations in Fig. 6.b.

C.1 Toy Problem on Non-IID Data (See Fig. 2a)

Toy Example Non-IID: Fig. 7 simulates the scenario from Section 3, where each worker m opti-
mizes a distinct loss fi, on heterogeneous data. Both DES-LOC and Local Adam show more stable
convergence and get closer to the optimum than heuristic baselines.

P O

= Local Adam
DES-LOC

100 4 w—— FAVG + OPT

=~ FAVG — OPT

llo =2l

2 4 -4 -2 0 2 4

0 20 40 60 80 2

Communication Rounds @® Start % Optimum —— Local Adam DES-LOC  —— FAVG 4 OPT = FAVG - OPT
(a) Distance to the optimum. (b) 2-D contour.

Figure 7: We present a toy problem in a Non-IID setting, where DES-LOC (with synchronization
periods K, = 192, K,, = 192, K,, = 692) and Local Adam (with K = K ) converge to a superior
solution compared to methods that keep optimizer states local g [12, 34] or periodically reset them
m [33, 16]. Like the IID scenario, resetting optimizer states prevents convergence due to repeated
oscillations caused by reinitializations. Additionally, as seen in panel (a) between rounds 15 and 40,
methods keeping optimizer states local suffer from larger oscillations further away from the optimum.
The function optimized is f(z1,22) = (1 — 1) + 100(xy — 2%)?, and we simulate M = 256
workers, each adding Gaussian noise with worker-specific standard deviation c™ ~ N(0, 3).

C.2 RQ2: Independent Sync Frequencies

This section provides supplementary results for RQ2, complementing Section 5.2. Appendix C.2.1
shows that perplexity has similar sensitivity to the first and second momentum synchronization
frequencies at both high and low base synchronization frequencies. Additionally, Appendix C.2.2
repeats the comparison from Fig. 4 for DES-LOC-Adam, revealing similar trends regarding the
importance of the parameters, with a reduced importance for the momenta due to lower 5.

18



C.2.1 Parameter and Second Momentum At K, = 16 (See Fig. 4.a,Fig. 4.b)

Figure 8 examines the effects of independently varying synchronization periods (K, K,,) for pa-
rameters and second momentum under DES-LOC-ADOPT in the high-frequency regime (K; = 16),
chosen based on the first momentum’s half-life (7p 5 ~ 13.5). Similar to the low-frequency results in
Fig. 4.a, parameter synchronization frequency (X,) strongly influences perplexity, while the second
momentum (K,) has minimal impact due to its long half-life. This contrasts with the first momentum,
whose half-life closely matches the high-frequency period.
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801 160 801 K, =32 (14.1415)
S > K, =256 (14.2+1.8)
B Z
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£ 0] K, =32 (149+1.7) £ 401
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201 K, = 1024 (933.7274.3) NP AR 201
— K, = 3072 (933.7£74.3) W TR i
0 0
0 500 1000 1500 2000 2500 3000 0 500 1000 1500 2000 2500 3000
Sequential Steps Sequential Steps
(a) DES-LOC vary K, , fixed K,, = K, = 16 (b) DES-LOC vary K, , fixed K, = K,, = 16

Figure 8: Model perplexity for DES-LOC (ADOPT, 51 = 0.95, B2 = 0.9999), independently varying
synchronization periods at a high baseline frequency (K}, = 16). Similar to Fig. 4, parameter
synchronization (a) is critical, with performance sharply degrading at higher periods, while second-
momentum synchronization (b) has minimal impact due to its large half-life (79 5(82) > Kp).

Takeaway: In high-frequency synchronization regimes, the importance of parameters and the second
momentum remains similar to the low-frequency regime shown in Section 5.2,

C.2.2 Adam Results (See Fig. 4)

Figure 9 provides complementary results to Figs. 4 and 8 using DES-LOC-Adam with 3; = B3 = 0.95.
Unlike ADOPT, the relatively low /3 result in both the first and second momentum quickly adapting to
the local gradients, reducing the impact of their sync frequency.

Takeaway: For DES-LOC-Adam, parameter synchronization remains critical, consistent with theory.
However, due to reduced (2, momenta synchronization is less impactful since both the numerator and
denominator of Adam updates are driven by local worker gradients after a few initial steps.

C.3 RQ3: Communication Reduction And Baseline Comparisons

This section provides supplementary results for RQ3, complementing Section 5.3. Appendix C.3.1
shows the perplexity of different configurations providing a 2x communication reduction over Local
Adam. Additionally, Appendix C.3.3 repeats the comparison against baselines from Section 5.3 for
DES-LOC-Adam, showing similar communication reductions relative to Local Adam.

C.3.1 DES-LOC on Heterogeneous Data (See Contribution 2)
Figure 10 evaluates the robustness of DES-LOC against baselines under heterogeneous (Non-IID) data

distributions as described in Section 4.1. We set synchronization periods to K, = K, K,, = 3K,,
and K,, = 6K, to achieve a targeted 2 x communication reduction over Local Adam.
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Figure 9: Model perplexity for DES-LOC-Adam (8; = [B2 = 0.95) when independently varying
sync periods (K, K, K,) while fixing others at baseline K. Parameter synchronization (a,b)
influences performance in both high (K}, = 16) and low (K} = 256) frequency regimes. Momenta
synchronization minimally impacts perplexity due to both states’ high adaptivity (low (), with
potentially minor effects during the early stages of training in high-frequency regimes (c,e).
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Figure 10: Comparison of perplexity under Non-IID conditions for DES-LOC, Local Adam (K, =
K, = K,), and heuristic baselines (defined in Section 4.1) at high (a) and low (b) synchronization
frequencies. Due to higher cross-worker variance caused by heterogeneous data, parameters require
slightly more frequent synchronization in the low-frequency regime (K, = 128 < 256). Experiments
are limited to 7" = 1536 steps (~compute-optimal) for computational feasibility.

Takeaway: DES-LOC effectively converges on heterogeneous data distributions, maintaining the
2x communication reduction observed in homogeneous settings. This aligns with our theoretical
convergence results for heterogeneous losses (Section 3) and shows applicability in federated scenarios.

C.3.2 DES-LOC Low Communication Configurations Ablation (See Fig. 5)

Figure 11 explores alternative synchronization configurations enabling DES-LOC to achieve improved
communication efficiency over Local Adam. Motivated by theoretical insights (Sections 2 and 3) and

20



empirical evidence (Sections 5.1 and 5.2), we only consider settings where parameter synchronization
is most frequent (X, < min(K,, K, )). This constraint follows from experiments in Section 5.2,
which show that infrequent parameter synchronization significantly degrades perplexity, while
momentum synchronization frequency has a smaller impact. For a fixed 2x communication reduction
over Local Adam, our findings confirm that synchronizing the first momentum more frequently than
the second aligns with their respective half-lives and maintains performance close to Local Adam.
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(a) DES-LOC-ADOPT, high sync frequency K, = 16.  (b) DES-LOC-ADOPT, low sync frequency K, = 256.

Figure 11: Configurations of DES-LOC targeting 2x lower communication than Local Adam (K, =
K, = K,), setting K,,, K,, as multiples of K. In both high (a) and low-frequency (b) regimes,
performance depends on how communication is split between momenta for 31 < (5. Syncing the
first momentum less often (K, = 6K, K, = 3K, ) degrades performance, wasting communication
on the slow second momentum. Conversely, syncing it frequently (K, = 3K, K, = 6K ) yields
performance comparable to Local Adam. Setting K,, = K, = 4K, produces intermediate results.

Takeaway: For a given parameter synchronization period K, determined by bandwidth constraints,
choose momentum synchronization periods K, K, as multiples of K. When 81 < (2, set Ky <
Ky, with K, = 3 x K; and K, = 6 x K, providing robust default choices.

C.3.3 Adam Results (See Fig. 5)

We now present results for DES-LOC-Adam with 5; = 5 = 0.95. DES-L0OC-Adam achieves sim-
ilar communication reductions over Local Adam and DDP as ADOPT. However, due to the lower
B2, the second-momentum half-life (79.5(0.95) ~ 13.5) is significantly shorter than for ADOPT
(70.5(0.9999) =~ 6931). Figure 12 shows that with both momenta evolving at similar rates, the benefit
of selecting K, < K, diminishes. For consistency and due to meaningful empirical differences in
rates of change (Section 5.1), we keep K,, = 3 x K, and K,, = 6 x K, in subsequent comparisons.
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Figure 12: Configurations of DES-LOC targeting 2x lower communication than Local Adam (K, =
K, = K,), using Adam (8; = 2 = 0.95). In contrast to DES-LOC-ADOPT (where 3; < 3 yields
an advantage for K, < K, as shown in Fig. 11), the similar half-lives in Adam make perplexity
insensitive to how communication is split between momenta for high (a) and low-frequencies (b).

Figure 13 shows DES-LOC-Adam achieves a 2x communication reduction over the prior state-of-the-
art Local Adam [9] without significant perplexity degradation. Due to the much faster evolution of
the optimizer states using Adam compared to ADOPT, local worker gradients drive the optimization
reducing the benefit of allocating more of the communication budget to the first momentum.
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Figure 13: Setting K, = K, K,, = 3K,, and K,, = 6K, DES-LOC-Adam achieves a 2x commu-
nication reduction over Local Adam, matching performance at high (a) and low (b) frequencies for
Local Adam and heuristic baselines (see Section 4.1).

Takeaway: DES-LOC-Adam achieves a similar 2x communication reduction over Local Adam as
DES-LOC-ADOPT by exploiting the reduced importance of optimizer-state synchronization relative to
parameters. However, due to the smaller 82 in Adam, there is limited benefit from assigning different
synchronization frequencies to the first and second momenta compared to ADOPT.

C.4 RQ4: Additional Metrics and Training Instabilities of FAVG+O0PT (See Fig. 6.b)

Figure 14 complements Fig. 6.b by showing parameter and update norms for DES-L0OC and baseline
methods when training billion-scale models. Both DES-LOC and Local Adam regularize updates by
synchronizing optimizer states, effectively reducing update norms due to averaging across workers
(triangle inequality). In contrast, the heuristic baseline [34] experiences large updates, leading
to uncontrolled parameter growth, increased activations (Fig. 6.b), and degraded performance on
downstream ICL tasks (Table 1) relative to its perplexity (Fig. 6.a).
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Figure 14: Comparison of update (a) and parameter norms (b) for billion-scale models trained
with DES-LOC (K, = 256, K,, = 768, K,, = 1536), Local Adam (K = 256), DDP, and Federated
Averaging with persistent optimizer states (FAVG+O0PT). Frequent synchronization in Local Adam
and DDP consistently reduces update and parameter norms. Similarly, DES-LOC achieves comparable
reductions at intervals corresponding to multiples of lcm(K,, K, K, ), with smaller intermediate
drops. Conversely, FAVGH0PT, which does not synchronize optimizer states, experiences persistently

larger and noisier updates, becoming vulnerable to spikes (notably before step 5000). This leads to
uncontrolled parameter growth (b).

Takeaway: Unlike heuristic methods, which maintain purely local optimizer states leading to unstable,
noisy updates, DES-LOC provides stable regularization similar to Local Adam and DDP by periodically
synchronizing parameters and momenta, reducing training instabilities.
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D Deterministic Optimizer-specific Variants of Algorithm 1

Algorithm 2 DES-L0OC-Adam

Requ1re Model tensors, Hyper-parameters

To,U_ 1, v_1 € R? — initial parameter vector,seeds for first and second moments
{me Y € R — step-size schedule

B1, B2 € [0,1) — Adam decay factors

p, A € Ry o — gradient clipping term, ¢ stability term

T, M € Ny — total iterations, number of workers

K., K., K, € Ny — sync periods for parameters, first and second moments
Ensure T, UT—1,VT—1

QUAELRN

7: for each worker m: xg' = zo, u™ = v =0 local init (£t = —1 seeds)
8 fort=0,...,7—1do training loop
9: for all workers m =0, ..., M — 1 in parallel do
10: gt — VF(ZE?L, &m) stochastic gradient
11: ggn — Clip(g?, p) clip to radius p
12: if t mod K, = 0O then sync u
13: W 4 B Ep[ul™ 1] + (1 — B1)G"
14: else
15: upt e Bruty + (1= GG
16: if £ mod K, = 0 then sync v
17: o B B[] + (1= B2) (@ © G
18: else
19: o= Ba ity + (1= B2) @ O )
20: d;n — ﬁ ® ut bias-corrected step
21: if t mod K, = 0 then sync
22: ity Ep 2] — di?
23: else
24: Ty — xt —d

Algorithm 3 DES-L0OC-ADOPT

Requ1re Model tensors,Hyper-parameters

To,M—1,V_1 € RY — initial parameter vector and momenta

{3 € R — learning rate schedule

B1, B2 € [0,1) — decay factors

p, € € Ry o — gradient clipping term,small stability constant

T, M € Ny — total iterations,number of workers

K., K, K, € N; — sync periods for parameters, first and second moments
Ensure TT, Mmr_1,UT— L

QUBAERN

7: for each worker m: xg' = xo, m™ =v™, =0 local initialization
8 fort=0,...,7—1do
9: for all workers m = 0,..., M — 1 in parallel do
10: g;n < VF(:E?L, gim) stochastic gradient
11: /g\;n — Clip(gzn, p) gradient clipping
12: if t mod K, = 0 then
13: vt BB v ] + (1 — B2) (g ©Gi)
14: else
15: vt Bavity 4+ (1= B2)(9" © g")
16: if ¢t mod K,, = 0 then .
17: mI" — ﬂl Em[mﬁl] —+ (1 — 51)#\/®
18: else .
19: m?%ﬂlmﬁl+(1_ﬁl)#\/@
20: d;n — th;n ADOPT update
21: if t mod K, = 0 then
22: ity En 2] — di?
23: else
24: Tip1 < xyt —dyt
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E Convergence Analysis of DES-L0OC-SGDM (in expectation bounds)

Here we provide a non-convex convergence analysis of the proposed DES-LOC approach applied to
the SGDM optimizer which has a single state (N = 1, momentum). The complete description of the
algorithm can be found in Algorithm 4.

Algorithm 4 DES-L0C-SGDM

Require: Model tensors
1: o € RY — initial parameter vector
2:  wu_q € R* — seed for the momentum, initialised to 0
Require: Hyper-parameters
3 {m} 5! € Rso — step-size schedule
B € ]0,1) — Momentum decay factor
T € N — total optimisation iterations
M € N4 — number of workers
Pz = K% Pu = K% € [0, 1] — synchronization probabilities for parameters and momentum
Ensure: 7, ur—_1,vr—1

4.
5:
6:
7:

8: for each worker m: xgl = Xo, u:nl = le =0 local init (t = —1 seeds)
9: fort = 0, P 7,T —1do training loop
10: for all workers m = 0,..., M — 1 in parallel do
11: g;m <~ VF, (I;n, §;n) stochastic gradient
m E..[Bui*1 4+ (1 — B)gi"], with probability p,,
12: Uy < m m . . sync u
Bui*1 + (1 — B)gi™, with probability 1 — p,,
]Eyn m.o__ m , H h 'l' "
132 x{’j_l < m [xt gtUt ] W¥t prObab¥ lty p sync x
it — g, with probability 1 — py

In order to facilitate the technical presentation, we model synchronization frequencies by assigning
probabilities to each averaging event. For example, the parameters x3* are synchronized with the
probability p, = -, which is statistically equivalent to performing the averaging in every .- = K,

iteration. Similarly, momentum »}" synchronization happens with probability p, = -, which can

Ki,“, ’
differ from p,.

Step 1 (virtual iterates). For each step ¢ > 0, denote the average parameters, momentum and gradient
as follows:

lef def def
Lt = m[l";n]» Ut = Em[u;&n]a gt = Em[g;n]
Then these averaged variables follow the “standard” centralized SGDM dynamics:
up = Pug—1+(1—B)g
Tyl = Tp — NUg.

Letting x_1 = x, define the global virtual iterations as follows
2t o ! Ty — 77— 7 Tt-1,
1-6 1-6
The key property of this virtual iterates we are going to exploit in the next steps is that they follow
averaged gradients, namely for any ¢ > 0 we have

1
1-p

= - Ut"'ﬂut—l:_ !
1-p5 1-6 1-5

Step 2 (smoothness over virtual iterates). Then we apply smoothness of the global loss function f
over these global virtual iterates.

t>0.

Zt41 T At ($t+1 - ﬁUt) - (l‘t - ﬂft—l)

B
1-p5

(us — BUt—1) = —1Ngt.

fant) S FG)+ (VTG0 1 — 200+ G levn —

= fz) + (Vf(xe), 2041 — 20) (Vf(20) = Vf(2e), 2041 — 20) + %H'Zt-&-l — %

| ——
I I L1
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In the next step, we separately bound each term appearing in the above bound.

Step 3a (one step progress). Bounding term 1.

E(Vf(xt), 2641 — Zt>

= —n]E<Vf (z1), Z 9i > = —nE<Vf(xt)7]\2

m=1

M M
= IRV i@l - L;me(w?) +JE Vf(xt)—ﬂzn;wm(w?‘)
= ~TEIVI@))? - ifﬁw (a7") g ifﬁvf (@) = Vi @) 2
2 M7 =1 e 2 Mm:l t o
< —JEIVS(2)|? - 3E iiw (27") 2+i > BV fn2) — VP
= 2 2| M A= TIm 2M £~ s m
M M
< ~JEIVIEOI - 3557 3 i) +;’§;m_1ﬂznxtwn2-

Lemma 4

Step 3b (one step progress). Bounding term II.

E(Vf(zt) = Vf(x1), 2041 — 2e) = 77E<Vf(zt) V (), Z V(@ >
np " -
< GEIVSG) - V@I + 58| 57 mZ:
2
< ’7"2L Bl — a5 LE| Z V fon(2})

Lemma 3

Step 3c (one step progress). Bounding term III.

L 2 77 -
§E||2t+1 —z|* = — E Z
1 mM

- 2 M WX_: = V(")

IN

2L M
ZEllgt — V) + L2

2
L
7702

2M

I 1 M
— B+ m; Y fn(a")

2 2

L

T3

1 M
E| 7 Z:j Y fon(a7")

2
Z V frm (")
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Step 3abc (one step progress). Combining previous bounds.

L
Ef(zi01) —Ef(2:) < E(Vf(x4), 2041 — 20) TE(Vf(2) = Vf(24), 2641 — 21) JFIE§||Zt+1 — z|]?
~—_——
I II I11
< ]E Vf(ze)|? Y fon (2 E||z, — 2™
IV f(ze)]]” — 2% t E: |z — o}
Lemma 4
% 1 ’
o Bl — P+ 5 Bl 57 3 Vi)
L 3 m:l
2
2 M
nLoo ok
tog T T 2 mz
1 M
2 m
< ]EHVf Tt H <1 - = = L> E Mmz_l vfm(xt )
L2 2r
+ Bz - P+ Z]Ethfxt 1P +10%.
Lemma 3 Lemma 4

Step 4 (final). Now we average over the iterates and apply the bounds derived in Lemmas 1,2.

RUCIEFCINNEE SRR
t=0

T

o7 iﬁnwmw ~2(1-2-nr) inﬁ LS )

- T 2 p T M 2
T—1 M
+£lZ]E||zt*xtH2+ 5 TMt Omz:lIEfo—xt I +72’]\5 2
Lemma 1 Lemma 2
’f 2L

< ZEHW 2|2 - <177L) ZE ;1% ) +W02

2
+

2 202 202
npL U o2 4+ n°p 1ZE
2 (1—5)2M 1— 2T

1
Vfm(x
P

UL BYNEYRCR lTlﬂav 01)(|2 + 4n20(0? + 3G2
# 1 (128 -0 7 SRIVSOI 40?4367

T-1

—3 (1 - 120°L(B* - Z E|Vf (@)

7ﬂ 717 2B2PL2
2(1 p nL — ZE

1
Z V fn ()
m=1
2L 2 773pL2ﬁ2

el PP 2 372 2 2
+2M +2(1—5)2MU +2n° L (0 4+ 3G*).

IN

2
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Next, we choose p = 2 and step size 7 such that

1
120°L*(B? — 1) < 5 = bound the first term
m2B%2L% 1
nL + (717—BW < B <= to bound the second term

1

120° L% < 3 <= from Lemma 4

Note that
def 1 1
= —min (1 ,
Y ( P 61/t max(1, B2 — 1))

satisfies all three bounds. Then, with any 1 < ny we get

T-1

n L o2 773/7[/252 2 372 2 2
— _— 2n°L 3G*).
+2M +2(1*5)2 o’ +2n° Loy (o” + )

Noticing that zg = xo and f* < f(zr), we have
- Z EHVf ||2 (f(xo) - f*) % 2 47]2L2ﬁ2

+ o+

2 272,52 2y
T T (1—5)2MU + 8n“ L7y (0° 4+ 3G*)

Furthermore, choosing 1 = min(7y, %), we get the following rate:

1 T-1
7 O EIV (o)l
t=0

1\ 4(f(z0) — f*) 2Lo? 4123202 8L (0% + 3G?)
Sm“@%ﬂJ T MvT  (L-B)PMT T
~ Af(wo) — f) N 2L N 4(f(z0) — f*) N 412B%02 8L*y (0% + 3G?)
- VT MNT noT (1-pB)2MT T
4 . Lo? 14+

E.1 Extension to Adam optimizer

Here we discuss extension of the previous analysis for the Adam optimizer including the second-
order momentum in the analysis. The addition is similar to the first-order momentum while the
synchronization probability p,, can differ from other probabilities p,, and p,,. The complete description
of the algorithm can be found in Algorithm 5. Instead of bounded heterogeneity Assumption 3, in

this analysis we use stronger condition mentioned below:

Assumption 4 (Bounded gradient). For any iterate t > 0 and worker m, the local stochastic gradient

is bounded, namely || g || < G.

This condition facilitates the analysis by providing uniform upper bounds for gradients/momentum

variables and is commonly used in the analysis of adaptive optimization.

Step 1 (preconditioning and virtual iterates). Let I'}" def diag_l/ *(%™ 4+ A\?) be the preconditioning

matrix and for each step ¢ > 0, denote the averaged variables

def def def _ det o def
T = Em[‘rt }7 Ut = ]E [ ]a Ut = ]E [ ]a Ut = Em[vt ]7 gt = ]E [ ]
Then
u = Prug—1+ (1 —P1)ge
Tep1 = xp—dp =z — NE, [T uy’].
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Algorithm 5 DES-L0OC-Adam (with probabilistic synchronization)

Require: Model tensors
1:  xo € R? — initial parameter vector
2: u_1,v_1 € R — seeds for first and second moments, initialised to 0
Requlre Hyper-parameters
{m}1=y' € Rso — step-size schedule
B1, B2 € [0,1) — Adam decay factors
A € R>g — {7 stability term
T € N4 — total optimisation iterations
M € N4 — number of workers

A O

Ensure: x7, ur—1,vr—1

9: for each worker m: xg* = xo, u”; = v =0

10: fort =0,...,7 —1do

11: for all workers m =0, ..., M — 1 in parallel do

Pe = 7=, Pu = 7=, Pv = 7= € [0, 1] — synchronization probabilities for parameters and momentums

local init (t = —1 seeds)

training loop

12: g;ﬂ — VF(I?L, £{n) stochastic gradient
13: oy En[Bruis + (1 — B1)gi*], with probability p., -
' ¢ Bruy + (1= Br)gl, with probability 1 — p,, e
. m Em[B2vi1 + (1 — B2)(g" © g¢")], with probability p.,
14: [ m - m . . sync u
Bavi®y + (1 — B2) (9" © gi™), with probability 1 — p,
15: ﬂ:n — max(vl", 1721) AMSGrad Normalization, v_1 = v_1
16: d’tm — NL ® ’U/;n bias-corrected update
Ep [z —df" ith ility po
17: oy e :nn[act - i, W1t probab? ?typ T
& —dy, with probability 1 — p,

Consider the same averaged iterates z; and virtual iterates z; as before:

Zt = L Ty — 61 €z
1-5 1-p5
In particular, zy = xg. Then,
= ) - )
Zt41 — Rt = 1- 4 Ti41 — Tt 1- 4 Tt — Tt—1
n r b1 "
= _1 - /61 Em[l—‘;nutn] + 1— Bl Em[rtilumll
S TR M VI P N
n my¢, m m 77/81 m my, m
= T1C B — = EnlY (0" = Brui )] + 1- 4 B [(T72y = T )ui ]
= —nEn["g"] + 1 _Bl]Em[( ey — T )ui ]
= —nEn[Y"g] + nEn[lY" (90 — ")) + 1- 4 En[(T32y — TY )]
m -~m B m m m
= =0l +n-En[I{ (9 — g")] +n - 1 —161 B [(T72y — T )ug 4],
difUt déf‘/t
~pm, def uy' —Brug’ m
where I'; ' E,, [I7"] and gi" = ———5=* for which, E,,,[¢;"] = Ein[g{"] = g1
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Step 2 (smoothness over virtual iterates). Then we apply smoothness of the global loss function f
over these global virtual iterates.

fn) = f) S (TSt — 20) + G loeen =

= (VS0 Tagd) 4wV (), U + V7 (), Vi) + 5 e — =P

= V@), Tege) +n(V f(20),Up) +0(V f(2), Vi)
I II II7

2
L
+ 777 ITeg: — U — Vil > + 0 (Vf(2e) — Vf(2),Tege) -
\%

v

In the next step, we separately bound each term appearing in the above bound. For clarity, we are
also going to use |V f(x¢)|| < G and |V f(z)| < G. However, these conditions can be avoided
through linking V f(z;) term to V f(z;), and V f(z;) term to E,,V f,,, (z}") with the bound for
Efl|lz: — =7[1%)-

Step 3a (one step progress). Bounding term 1.

I = —n(Vf(x:),ltg:])
—nE [V f(z4), Te-19:)] + nE[(V f(21), Tio1 = Tt)gn)]

M
1 m
= e <Vf (w2), 37 2 Vim(ai >> +nGZE[|Ts—1 — T[]
m=1 | )
1 & i
n n m
< —JE[IVi@)IR, | - 3E ||57 2 Vi)
2 2 M
m=1 Tiq
2
+ g]E HW T) — — Z V fo (™) + nGE[||Ty—1 — T¢]]
i1
2
< I lminB 9 ()| ~ SE Z Vfnle}")
- 2 2 M
Y
M 2
n
+ 51 llmaxE Z = Vim(@)| | +nG?E[[Te—1 = T¢]
. . | M 2
-1 E 2 E - - n
m=1 | AP
M
FF 2 B IV (e0) = Vi @PI] + a7l = T
nL? M
< 1E||Vf(xt N+ N Z E [[lz; — 2i*[|*] + nG*E[||Ti—1 — T]],
where || - || indicates the spectral norm for matrices, and we used the following inequalities:
M
1 . 1 def 1
Ticillmin = || — i i, 1] > = —.
e MmX::l tlmin Z o MZ\/vtl + A2 \/G2+)\2 Co
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Step 3b (one step progress). Bounding term II.

G M
I = n{Vf(z),U) < V)T < nﬁ Do ITE (e — g7l

m=1
M
nG ~—m
< Wm§—1 llge — g |-

Step 3c (one step progress). Bounding term III.

aQ M
I = (Vf(z), Vi) <ul VIV < o MZ (T2 = TP yuy |

77/61 G m m
Z 072y = T7 -

Step 3d (one step progress). Bounding term I'V.
7
L

v = 2|0 - U= Vil
377 L 377 L 37) L
< ITegell” + 5= U1 + == |Vl
3n2LG2 3n2L M 3n 51LG M 2
< Tov Foear 2 e 5 gy 2 I -

Step 3e (one step progress). Bounding term V.

Vo= n(Vf(x) = V() Tege)
= nE[Vf(zt) = Vf(z),Tim190)] + nE [V f(21) — VF(20), (Tt — Tio1)g1)]

< B <Vf(xt) Vi (@), ij )> ;’_Lgl [ (72 ][ 1T -
=

< B [(Vi(wr) - Vf<zt>,w<xt>>p,,_l}

+ 7K <Vf(33t) V£ (z), Zme me(act>>F ]+(ffﬁgc§
< TR(IV5) - VIEIIVAE] _

+ e :||Vf<xt> V() mf_nwm (1) = V)| + EAE
< 1B [ LIVse) - VrEI + §19 5@l

+ I :;IVf(l‘t) Vi(z) ||2+ﬁz||wt | + 222 g i, -

where we used the following uniform bound on ||V f(z) — Vf(z.)|:
IV = ViG] £ L=zl < {25 o sl = 725 Bl
< Ble,frrilr) < 2225
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Therefore, ignoring the constants, we have the following bounds:

vo< oL+ v i) L
- P 2)\ o
v < 0(n?)
1 M
1< 00037 SN 7]
1 M
Ir < O(n)~MZE[IIgt—§Z’LII]
m=1

M

I < 5 EIVI@IP +0 ) 37 3Bl -] + O 37 3 BT

m=1

M
— 3 Elllep — wl’] + O (i)
m:l

M

m=1

1= ]

To get the O ( ) bound for the averaged gradients E[||V f(z;)||?], note that we are left to choose

small value for p = 5 C and show the following bounds:

-1 M
Z D E[llz — )] = O,

T
t=0 m=1

T-1

E[rys, =Tl = 0Q1),
t=0

T-1 M
1
Vi Z Efllg: — g¢"[l] = O(1),

t

I
=)

m=1

(extension of Lemma 4)

(follows from AMSGrad normalization)

(see below).

For the last bound, we can use similar steps as in Lemma 4, namely

[l = wi™|]

(1 =pu)B1)" "Elllgy — g," ]

Efllus —ui*l]] = pu-0+ 1 = pu)E[||Srue—1 + (1 — B1)ge —
< (1= pu) BrE[llus—1 — ui™)][]
t
< (1-p)1 =580 S ((1 = p)B) "Ellgr — g
7=0
Ellg —5"l] = E I_ﬁﬁt’l Sup T
=< 1f1ﬁ1EH“t71 —u ||+ 171['3
1 t
= o5 X ARl -
= l_pu Z Zﬁ
T=t—1v=0
t+1 7—1

= SN AT - pu)B) TV E gy — g,

=q2

which has the same double geometric sum structure as (12).
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E.2 Key Lemmas

Lemma 3. Forall T > 1, we have

= 2 n*B? 2 4 252 = 1
;Hzt —x]]” < WT 2 ZE Mmz::lvfm(l"t ) (11
Proof. Since u_; = 0, unrolling the update rule of momentum, for any ¢ > 0 we get
t
=Bu1+(1—Blge=01-5)> B7g".
7=0
Using this and the definition of the average iterates, we have
t
B B —r
BT =g _B(It —T41) = 1 _nﬁut = *5772575 gr
7=0
Using convexity of squared norm function and letting s; def ZT BT =1
have
2 sl BT 252 2 2 o t— 2
_ — < [ T
20 — x| = 0 B%s; ; 0| <8 Stz H g-|” < ZB llg-I12.
Summing over the iterates yields
T—1 32 T—1 ¢
2 T
SEla-wl? < PSS Ege?
t=0 t=0 7=0
2 T—-1T-1
= PO S # Rl
T7=0 t=7
242 T— 1 T—r
n B ﬂ
= Z Ellg|?
-p
2B2 T-1 )
< Z Ellg-||
— 2 — M
252 2ﬁ2 1
= 2ZE Zg'r Vm(z}) ZZE szfm
m=1
2
= 1_ QMQZZ]EHQT V (@)l QZE szfm
7=0 m=1 m=1
2
232 292 T-1
n-p o2 4 n*B 1
(1-B)2M QZ MZ (@
m=1
O
Lemma 4. [f24n%L%*y < 1, then
| Tr M =
m||2 2/ 2 2 2, ( 2 2
ST & 2 Bllor =o' I < 128" = - 7 L BNV @l + 4nPvto? + 362),

where
4(1 *pm) . (1 B B)(]- *pu)
P2 1—(1—-pu,)B

P =
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Proof. Let us expand the term E||z;1 — 2% ||? using 2} ;s probabilistic update rule:

Ellzesr — 247 = po-0+ (1= pa) - Ellae — qug — (2" — nu®)

I

= (1=po) Elze — 2" —n(u’ —uj")|?

(1 =) (1 + $)Elze — a2 +0(1 = pa) (1 + V) El|ug — ||

IN

IN

t
(1_pw (L41/s) Z (1 = pa)( 1+8))t TEH“‘F_umH2
T=1

where s > 0 will be chosen later. Next we expand the term E||u; — u}™||? using u}"’s probabilistic

update rule:

Eflue —ui"|®

IN

IN

IN

pu'0+(1_pu)'E

M

TS B+ (= B)g) — (Bt + (- Bgiy)

(1= pu)E||Blur—r — uy) + (1 = B) (g1 — g ||
(1 = pu) BE[| (w1 — uf )|I* + (1 = pu)(1 = B)E|lge—1 — 974 |17

t—1
(1=pu)(1—=B)> ((1—pu)B)"Elg, — g"|?
7=0
t—1
S (- p)8) Bl g
7=0

Denote ¢g; = (1 — p,)(1 + s) and g2 = (1 — p,, ). Combining the previous two bounds, we get

M
o S Elley - a2
m=1

t

< (1 -p) 1+ ) 31— p)(1+5))" ZEHuT—uW (12)
< P11+ 1) S - pu)(1+ 8) Z 1‘/3 (1~ p)B)~Blgs — g
=1 m=1 v=0

= 7’1

= 7’1

= 7’(1-

pa)(1+

T7=1v=0

1— ﬂ t 17—1 1 M
= pa)(1+1/s) N> d g [M Z]Ellgugﬂlz]

B 1 M
—pa)(1+ 1Y) Z Z i lMZEgyng]

v=071=v+1

5 V_ m||2
Z ZEHQV_QV || )
=0 g

q2

t—1 _ M
— P L)1+ - )1 —m)Z% l LS Elg, —gzﬂ .
v=0 m=1

def
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Next, we bound the gradient term above.

| M | M 1 X 2
m 2 _ m t
M;EHgt —g¢ll = M;E gt —M;%
9 U 1 & ’
S E Z ]E me xt - Z vf’m th ))
m=1 m:l
M M 2
Z vfm xt - Z fm xt
m=1 1=1
2
M
2 m 1 m
(Lemma5) < - Z Ellgi" = Vfm(@i)I” = 2B 77 > (6" = V fm(a7"))
m=1 m=1
12L2 M
Z El|lz — 2}"[|* + 6(B* — DE|V f(x,)|* + 6G2
12L2
< 207+ Z Ellz, — 2> + 6(B2 — DE||V f(z)||? + 6G>.

Again, plugging this bound to the previous one, we get

T—1 M
> Bl —2|?
tOml
1 T M
< 3720 D Bl — o
t=1 m=1
77¢ T t— 1(] -7 _ tf‘r
S S S [ zEngT ||2]
t=17=0
_ qlT a5 [1 ZEH mzl
- Z Z T nggTH
7=0 t=7+1 N2 M m=1
QIl_ql T) (1_q T m||2
frng — E T
quq2< = e Z lg- — g
< Ellg- 2
- ZQl_QQ<1_Q1 1-@2)[ Z lo- = H]

n’ 1 -
T T-ai-@)T Z ZEngf—w

Now, let us optimize the factor

d) o (1*pz)(1+1/5)(17ﬁ)(1*pu) o (17pz)(1+1/5) .(1*ﬁ)(17pu)

I-a)1-q@) (Q-00-p)1+s))A-1-p)B) 1-(1-ps)(1+s) 1—(1-pu)B
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by choosing optimal value for s introduced earlier. By the first order optimality condition, we find
that the optimal value is s* = — 1. Hence, the minimal value of the factor is

1
1_pw

s Lp  (-A0-p)
(T=q)(1—q2) (I=vVI-p)* 1-(1-pu)B
(1*pz)(17 Vlfpx)2 . (1*5)(17pu)
(1=VT=p)2(1+VT=pz)? 1-(1-pu,)B
(1 =p)A+VT—ps)* (1=B)(1—pu)
P2 1—(1—pu)B
10 p) (A0 p) s,
Pi 1—(1—-pu)B '

Continuing the chain of bounds

1 T—-1 1 M
2 m||2
< Y [KZEllgt—gt II]
t=0 m=1
1 = o2 M
< 0 3 Ella — 2|* + 6(B — DE|Vf(z:)|* + 20° + 6G2
T t=0 M m=1
1 T—1 M
7 2
< 12PL% o Y Y Bl —
t=0 m=1
1 T—1
+60°(B® = v+ o > B[V (@)|” +20°0 (0" + 3G%).
t=0

Assuming 1272 L21) < 1/2 and reordering the first term in the bound, we arrive

T—-1 M T-1
1 . 1
= 30 Bl — oI < 1202(B2 - D 3 EIIVA ()| + 4r20(0 + 3G2).
t=0 m=1 t=0

Lemma 5. Under smoothness and bounded heterogeneity assumptions 1 and 3, we have

T2 U
< =7 D llee =2 |* 4 3(B - DV () |* + 3G,
m=1

1 & ,
V) = o Vi)
=1

1 M
v
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Proof. The bound follows from simple algebraic manipulations and Jensen’s inequality.

vam —*ZVJCZ ||2

HME

N
vfm m me(mt) + me(;(;t) — Vf(xt) + Vf(flft) - %Z vfz(il??t’)

g M g M
< Eﬂ;Hme(l‘t) V fm (o) I + Emz:

|
=1
2

IV fra () = V f (@) ]|

3 M 1 K ]
+ ?; V() - E;Vfi(xz)
3L2 d m 2 2
S % Z |27 — a]|” + Z IV fn (@) = V()| + Zth—xtH
m=1 =
612 M 3 M
= 2= Y N =l = D IVl - Vi @)l
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F Convergence Analysis of DES-LOC-Adam (high-probability bounds)

For this section, we refer to Algorithm 1 as DES-LOC-OPT(K,, K1,...,Ky). Let us consider
the second algorithm DES-LOC-0PT(K, K, ..., K) with K = lem{K,, K1,..., Ky}. These two
algorithms have a property that they both fully synchronize, i.e., all states and current iterates are the
same, if T' = r K for some r € N.

Commonly, the analysis of DES-LOC-0PT(K, K, ..., K) proceeds in the following way. In each
step, construct an ideal update as if you were running DES-LOC-0OPT(1,1,...,1) using virtual
iterates (see the proof in the prior section for the example of analysis with virtual iterates),
and bound the drift from this idealized scenario. For the case of DES-LOC-O0PT(K, K, ..., K),
the bound typically depends on the distance of the current iterate from the last full synchro-
nization. Below, we show that the drift of OPT(K,, K1,...,Kx) is not larger than DES-L0OC-
OPT(K, K, ..., K), since OPT(K,, K1,...,Ky) synchronize more often. Therefore, the con-
vergence rate of OPT(K,, Ki,...,Ky) is not worse than the convergence rate for DES-LOC-
OPT(K, K, ..., K) as its analysis also applies to OPT(K,, K1, ..., Ky), i.e., all final upper bounds
derived for DES-LOC-0PT(K, K, ..., K) are also valid for OPT(K,, K1, ..., Ky) . For instance,
a typical way to estimate drift is to have an assumption of type |sI" — s ;|| < U for all

i € {1,2,...,]4:} and n € {1,2,..., M}, where s! is some state on client n at step ¢ and
so = s§ = ... = s)! the synchronized state. Then, drift is usually expressed as ||} — sol|.

For DES-LOC-0PT(K, K, . .., K), we can simply bound

k

n
gsi—

i=1

k
<3 It — sl < kUL

=1

sk = soll =
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For DES-LOC-0PT(K,, K1, ..., Kn), we can obtain the same bound, where we for simplicity assume
that s is synchronized every K stepsand k € {K; + 1,...,2K}.

k
st =soll = || D (si —sf-1) + s, — 0
i=Ks+1
k 1 M K
< Y sl [ S st
i=Ks+1 m=1 i=1
k 1 M K
< DT st sl gy 20 Dol - sl
i=Ks+1 m=11i=1
< kU.

In a more general case, we would apply the above recursively. Such type of adjustments is the only
requirement to adapt analysis of DES-LOC-0PT(K, K, . .., K) to obtain the same rate for DES-L0C-
OPT(K,, K1,..., Ky) for the type of the analysis described above.

We do not claim any novelty for this analysis. We mainly include these results for completeness, to
showcase that our method converges under different settings. The main theoretical results showing
that some of the optimizer states can be synchronized less frequently are presented in the prior
section above. We would also like to highlight that this result might be relatively weak and not tight
since we only show that DES-LOC-OPT(K, K, ..., K) and DES-LOC-OPT(K, K1, ..., K ) have the
same worst-case convergence, but DES-LOC-0PT(K, K, ..., K) requires less communication than
DES-LOC-0PT(K,, K1, ..., Ky) under this analysis, which is not the case in practice nor in the
analyses presented above.

Finally, detailed inspection of the analysis of DES-LOC-Adam (K, K, ..., K)[9] reveals that this
analysis satisfies the above criteria. Thus, we can directly apply their results under the following
assumptions and preliminaries.

We aim to optimize a neural network = under the loss function f
min f(z) := Eeop[F (3 €)). (13)
zER?

using M workers, each of which has access to the stochastic gradient of f, VF(z;§) with £
independently drawn from the data distribution D. We define the auxiliary sequence,

1 O m _
Z?},-l _ —171& iy —1?51 apr ift mold K # -1, (14)
=7 Ty — —ljﬂl@ otherwise.

where, Ty 11 = Ep, [2]7%,]. We also define Z;1 = Ey, [2]7 ]

We make the following standard assumptions.

Assumption 5 (Lower-boundedness). f is closed, twice continuously differentiable and

inf cpa f(2) = f(zs) = fiu > —0c0.

Assumption 6 (Smoothness). There exists some set Q C R? and L > 0, such that for any x,y € ,
IVf(z) = Vi)l < Lilz—yll, (15)

IVF(@)* < 2L(f(2) = f.)- (16)
Assumption 7 (Bounded a-moment noise). There exists some set Q C R, o > 4 and constant
vector o = 0 such that for any x € (),

Eep|VF(2;€) — Vf(2)|* 2 0. a7)
Let 0 = ||0||oc = max;{o;}, 0 :=|lo|| = (6 +--- + 03)1/2.
Assumption 8 (Weak convexity). There exists constant T > 0 such that f is T-weakly convex, i.e.,
forany x,y € RY,
(V@)= Vi@y),z—y) > -7z -yl (18)

F) 2 @)+ (V(@),y =) = Ll =yl V2f(@) = ~7La. (19
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Based on these assumptions, the DES-LOC-Adam variant of Adam converges as stated in the following
theorem.

Theorem 6 (Full version of Theorem 2). Let the Assumptions 5,6,7, 8, hold for @ = conv(Bg, (Q)),
where Qo = {z: f(x) — fr <4A}, Br,(Q) = {r € R*: Jy : ||z —yl2 < Ro}, Ry =

SOL’ Kiem = lem{K,, K,,, K, }, and the same assumptions as in Theorem D.3 of [9], then with
probability > 1 — §, DES-LOC-Adam yields,

2(a—1)
~[rA LA LAc?  (LAc): [LAgaT) *7?
v =02 N
KICIHR Z Z | f )” R * chmR N MchmR * KI% R% N KICIHR
r=0 cm

Proof. The above corresponds to Theorem D.3 of [9] for DES-LOC-Adam (K, - - -, Klem)- O

Note that for sufficiently large R, the leading term in the rate is 4/ MLKAICUS 7» Which shows up in
Theorem 2.

G Derivation of Eqgs. (5) and (6): Maximum Momentum Change With
Clipping

Lemma. Let the gradient at each step satisfy ||g¢||cc < p for some constant p > 0. Assume the
first-momentum state in Adam is initialized at w_; = 0 and updated by

up = Prug—1 + (1= P1)ge, p1 €10,1). (20)
Then, for all ¢ > 0, the momentum is bounded and satisfies
luilloo <p, and  furyx —uilloo <20 (1—-B1°) VK > 1. 21)

Proof.

Step 1: Bound on ||u;||oo. We first show by induction that the momentum is always bounded by p.
Base Case (¢t = 0): Since u_; = 0, we have:

[tolloo = 1B1u—1 4+ (1 = B1)golls < (1= B1)llgolloc < p. (22)
Inductive Hypothesis (I.H.): Assume ||u¢]|o < p for some ¢ > 0.
Inductive Step (t — ¢t + 1): Then,

[utrlloo = Brur + (1 = B1)ge+1loo (23)
< Billutllos + (1 = B)[|ge+1 100 24)
<Pip+(1—=PB1)p=0p. (25)
Thus, by induction, we have the desired result:
llutlloo < p,  VE>0. (26)

Step 2: Bound on |[u;yx — tt]|cc. Now we bound the change in the momentum over K steps
explicitly. Unrolling the recursion, we have:

K-1
Ut K = 51 ug + (1 —ph) Z B{Cgt+K7k- 27
k=0

Subtracting u; from both sides, we obtain:

K-1

upp = up = (B = Dup + (1= 1) D Bigeri—- (28)
k=0
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Applying the triangle inequality gives:

K-1

et i = willoo < 11— B [lluelloo + (1= B1) D Brllg+K—klloo- (29)
k=0

Using the bounds ||u]|c < pand ||gt|loo < p, we simplify to:

K-1
s i = illoo < (1= Bf)p+ (1= B1)p D BY (30)
k=0
The geometric series simplifies as:
K-1
D A= 11__%};- GD)
k=0
Substituting this back into the expression yields:
ues i = telloo < (1= B )p+ (1= B )p =2p(1 = BT"). (32)
Thus, the momentum difference satisfies:
e i — welloo < 2p(1 — BE), VK >1. (33)

Second-moment bound. Applying the exact same logic to the second momentum v;, with [;
replaced by (3 and the bounded gradient squared term ||g; ® g¢||o < p?, immediately gives:

[0k — villoo < 20%(1 = B5°). (34)

This completes the proof. O

H Wall-Clock Time Modeling

Understanding the practical benefits of our proposal beyond the theoretical aspects and empirical
convergence curves is crucial. This section addresses the practical implications of adopting our
method for training state-of-the-art (SOTA) large language models (LLMs) in large-scale distributed
training infrastructures. The most critical metrics are based on total wall-clock time, communication
time, and resource utilization, i.e., how much of the wall-clock time is spent using the compute
available instead of waiting for the communication to complete. We provide the following simplified
model for estimating total wall-clock time (Appendix H.1), computation time (Appendix H.1.1),
and communication time (Appendix H.1.2) that applies to any method based on distributed data
parallelism (DDP). The notation used here is consistent with that in Algorithm 1. We conclude this
section with the results obtained with this modeling and their discussion.

H.1 Estimating Total Wall-Clock Time

The total wall-clock time for completing an LLM pre-training is based on the number of tokens
processed D (dataset size), the model size d (the number of trainable parameters), the number
of compute units M (data-parallel/local workers), the floating point operations per second S that
these compute units can perform, the Model FLOPS Utilization (MFU), the average peer-to-peer
(P2P) bandwidth B and the latency [ between compute units. We separate the total wall-clock time
discussion into computational time (Appendix H.1.1) and communication time (Appendix H.1.2). In
our modeling, the total wall-clock time is the sum of computational time and communication time:

Liotal = tcompute + Lcomms (35)

We next derive tcompute and teomms separately, and then instantiate ¢ for specific training methods.
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H.1.1 Estimating Computation Time

The total time spent computing 7¢ompuie depends on the number of compute units M, their floating
point operations per second .S, the MFU of the training pipeline, and the total number of FLOPs C'
that the training pipeline requires. Following the same approach as in Kaplan et al. [18], Hoffmann
et al. [15], the total number of FLOPs required to train an LLM can be estimated as C' = 6d D, where
d is the number of model parameters and D the total number of tokens (dataset size). Since the MFU
can be considered a measure of efficiency, i.e., MFU € [0, 1], we can estimate the total time spent
computing as:

C 6-d-D

t = = 36
compue T NMPU-S- M MFU-S- M (36)

In other words, if the hardware can perform S - M FLOPs/sec at peak and is utilized at MFU fraction
of peak, the training FLOPs C translate to that many seconds of compute.

In practice, MFU strongly depends on how the pipeline’s parallelization is locally configured across
the workers M. For the sake of fairness in our comparisons, we can assume that the per-batch MFU
of a data-parallel worker is the same as the per-batch MFU of a worker in our proposal and other local
adaptive methods. Importantly, this holds in cases where either such workers refer to a single GPU or
each worker locally performs more advanced parallelism techniques, such as the ones proposed by
Rajbhandari et al. [30], Zhao et al. [53].

Resources Utilization and MFU. Theoretically estimating the resource utilization in large-scale
training of LLMs is very challenging despite prior knowledge of the number of hardware accelerators
(GPUgs), their theoretical peak FLOPs, and the total amount of FLOPs C required to perform the task
is available. Following previous well-established proposals [10], we leverage MFU and the theoretical
peak FLOPs of the hardware accelerators we used in our experiments. Recent systems research [38]
has shown it is possible to reach 50% of peak FLOPs even for trillion-parameter models by carefully
combining data, tensor, and pipeline parallelism. This emphasizes that our model’s assumptions (e.g.,
each worker sees full d) can be adapted to those scenarios by treating a model-parallel group as one
worker with higher S and similar MFU. For the sake of a fair comparison, our analysis in this section
compares different methods assuming that the local workers operate with the same theoretical peak
FLOPs and the same MFU. The results reported in Appendix H.2 describe how such values were
obtained.

H.1.2 Estimating Communication Time

Communication time is the most critical factor when comparing standard data-parallel approaches to
our proposal, since the computation time will be the same, given that they train the same model size
on the same number of tokens using the same computing infrastructure. At each communication step,
the workers W synchronize a set of parameters M, the amount of which depends on the method used.
For example, distributed data-parallel synchronization occurs at every batch step on the complete set
of gradients produced by the M workers, each exchanging a payload at batch step ¢ of Pypp; = d
parameters. In our proposal, the synchronization involves model parameters and optimizer states at
different frequencies, making such estimation slightly more complex. Since their time costs simply
add up, we treat the parameter sync and momentum sync contributions independently. For instance,
if parameters are synced every K, steps and momenta every K, K, steps, we sum the time for each
series of syncs.

Any of such payloads can be exchanged and averaged using bandwidth-efficient AllReduce methods,
such as RingAllReduce [37], which scales only with the speed of the slowest P2P link. Given the
slowest P2P bandwidth B and a latency [, a single communication at timestamp ¢ is performed
synchronously and in parallel across the M workers, taking a total time of:

2P; 1
tcomms,i = ? (1 - M) + l, (37)

where P; is the payload size of the communication happening at the timestamp ¢, which depends on
the optimization method adopted as described above.
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DDP. In the DDP training approach, each of the 7" optimization steps to train on D tokens requires
communicating at every step for a total training time of:

2d 1

ttotal,DDP = tcompute +T- |:B (1 - M) + l:| (38)

FedAvg. The approach of the FedAvg method is that of synchronizing with frequency K only the
model parameters across the M workers. This, the total training time can be estimated as:

T [2d 1
ttotal,FedAvg = tcompute + E . |:B (1 - M) + l:| (39

This optimization procedure will communicate less than DDP when K < T'.

Local Adam. Using a local adaptive optimizer such as Cheng and Glasgow [9] with a synchronization
frequency of K local steps, requires training for a total training time of:

3T |2d 1
ttotal,Local Adam = tcompute + ? . |:B (1 - M) + l:| (40)

This means that, as long as 3K < T', Local Adam will always take less wall clock time than DDP.

Our Method (DES-L0OC). Adopting our proposal (DES-LOC-Adam and DES-LOC-ADOPT specifically,
which we shall use interchangeably for the purposes of this analysis) requires synchronizing model
parameters x, fist momentum u and second momentum v with frequencies k., K,,, K,, respec-
tively. Assuming each of these sets is synchronized independently, we can compose by adding their
communication time contribution to the total training wall-clock time, which results:

T T T 2d 1
ttolal,DES—LDC—Adam = tcompute + E E + E : E 1— M +1 41
1 1

This means that, as long as I% + % + % < % A I% + < 1, our method will always

take less wall-clock time than Local Adam and DDP.

Ky K,

Limitations. We critically discuss here the limitations of the proposed modeling in order to shed
light on their relevance when it comes to deploying such training algorithms in real-world scenarios.

First, our modeling approach adopts constants for several system components, such as computing
capabilities and interconnects. In particular, MFU in the real world always oscillates around some
average value depending on the operational performance of high-bandwidth memories (HBMs),
DRAM caches, and processing units in the hardware accelerators. At the same time, the P2P
bandwidth and latency between accelerators also fluctuate around average values.

Second, most efficient implementations adopted in the field take advantage of the possibility of
overlapping communication and computation, reducing the communication time. Notably, over-
lapping communication with computation can drastically reduce effective communication costs,
for example, PyTorch’s DDP implementation can overlap 95% of the communication [32]. Our
model currently assumes synchronous communications, but could incorporate such approaches
by reducing the effective [ or B impact. One extension could be adding a parameter o € [0, 1]
representing the fraction of communication time that is not overlapped, so total time per step ¢ is
tiotal,i = teompute + Otcomm. Setting o = 0 would recover the fully overlapped ideal (communication
is entirely hidden by computation), and o = 1 is the current no-overlap assumption. This would keep
the model framework-agnostic but allow tuning to specific training setups.

Techniques in Rajbhandari et al. [30], Zhao et al. [53] complement our analysis by reducing memory
usage and communication volume, effectively scaling down payload P; or increasing MFU. Our
approach focuses on synchronization timing rather than data partitioning; combining our method
with fragmented updates (e.g., ZeRO) could further improve wall-clock time.

Despite limitations, our model was designed so that any gap with real-world performance evenly
affects all methods analyzed, assuming thoughtful implementation. Thus, results in Appendix H.2
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illustrate potential improvements from adopting DES-LOC, and our model can help practitioners
estimate performance at larger scales.

H.2 Modeling Results

Figures 15 and 16 analyze the wall-clock time, communication overhead, and GPU utilization
of DES-LOC compared to DDP, Local Adam, and heuristic baselines for training our 1.7B model.
By setting synchronization periods as K, = 256, K,, = 768, K, = 1536, DES-LOC significantly
reduces communication and improves GPU utilization relative to Local Adam (K = 256), closely
approaching the efficiency of heuristic methods, especially in bandwidth-constrained settings.

- DDP
DES-LOC

= LocalAdam

10104 = FAVG+OPT

1011 4

109 4

108 4

Wall-Clock time (s)

107 4

106 4

10°

0% 102 10 100 10! 102 10% 10* 10°
P2P Bandwidth (Gbits/s)

Figure 15: Estimated wall-clock time for training the 1.7B model with DES-L0OC (K, = 256, K,, =
768, K, = 1536), compared to Local Adam (K = 256), DDP, and Federated Averaging with
persistent optimizer states (FAVG+OPT, K = 256). At low bandwidth (< 10%), all communication-
efficient methods substantially reduce wall-clock time compared to DDP. DES-LOC closely approaches
the maximum efficiency of FAVG+0OPT, significantly outperforming Local Adam, which synchronizes
all optimizer states frequently. Moreover, DES-LOC maintains stable and convergent training behavior
(Fig. 6). At high bandwidth (> 10?), DDP becomes competitive or preferable.

1o — op 104 — oop
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(a) Communication costs. (b) Compute utilization.

Figure 16: Communication overhead (a) and GPU utilization (b) for training the 1.7B model with
synchronization periods K, = 256, K,, = 768, K,, = 1536. DES-LOC reduces communication
costs by 170x compared to DDP, outperforming the 85x reduction achieved by Local Adam while
FAVG+0OPT, communicating only parameters, achieves a theoretical maximum reduction (256 x).
The improved communication efficiency of DES-LOC translates to higher GPU utilization at low
bandwidths (< 103), significantly improving over DDP and Local Adam.

Takeaway: By synchronizing optimizer states less frequently, DES-LOC enhances GPU utilization and
total wall-clock time compared to DDP and Local Adam, especially under bandwidth constraints.

42



	Introduction
	Desynced Low Communication Adaptive Optimizers (DES-LOC)
	DES-LOC Algorithm

	Convergence Guarantees for DES-LOC
	Experimental Design
	Experimental Setup

	Evaluation
	Higher  Optimizer States Have Slower Empirical Rates of Change (RQ1)
	Parameters Require Frequent Sync, Momenta Sync Proportional to  (RQ2)
	DES-LOC Brings 2 Communication Reductions Relative to Local Adam (RQ3)
	DES-LOC Performs Well At Large-scale Long Horizon Training (RQ4)

	Related Work and Limitations
	Conclusion
	Appendix
	 toAppendix
	Experimental Details and Optimizer Hyperparameter Sweeps (See sec:expsetup)
	Architecture Details and Hyperparameters
	Optimizer Parameters Sweeping Procedure

	Complementary Results to subsec:methodalgorithm,sec:evaluation 
	Toy Problem on Non-IID Data (See fig:toydistancesiid)
	RQ2: Independent Sync Frequencies
	RQ3: Communication Reduction And Baseline Comparisons
	RQ4: Additional Metrics and Training Instabilities of FAVG+OPT (See fig:eval:largemodels.b)

	Deterministic Optimizer-specific Variants of alg:desyncgeneric
	DES-LOC-Adam
	DES-LOC-ADOPT

	Convergence Analysis of DES-LOC-SGDM (in expectation bounds)
	Extension to Adam optimizer
	Key Lemmas

	Convergence Analysis of DES-LOC-Adam (high-probability bounds)
	Derivation of eq:abslute changeu,eq:abslute changev: Maximum Momentum Change With Clipping
	Wall-Clock Time Modeling
	Estimating Total Wall-Clock Time
	Modeling Results



