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Abstract
Decentralized SGD aggressively enforces consensus among workers by driving model disagree-
ments to zero as learning rates decay. We argue that this vanishing consensus eliminates beneficial
structured perturbations that promote better generalization, similar to Sharpness-Aware Minimiza-
tion (SAM) but without additional gradient computations. We propose Decentralized SGD with
Adaptive Consensus (DSGD-AC), which intentionally preserves non-vanishing consensus errors
during late-stage training. Our key insight is that consensus errors are data-dependent and corre-
late with ascent directions on local datasets, providing implicit sharpness regularization over data
distributions. Empirically, DSGD-AC improves the generalization over SGD with negligible com-
putational overhead on classic deep learning tasks. By treating consensus as a tunable resource
rather than a nuance to minimize, DSGD-AC offers a simple yet effective approach to improve
generalization in decentralized training.

1. Introduction

In large-scale deep learning, decentralized optimization, where workers exchange model parameters
only with neighbors, reduces the overhead of global synchronization and avoids costly all-reduce
communication [1, 7]. Decentralized algorithms, therefore, offer significant runtime and scalability
advantages in practice [2, 9, 13]. Standard analyses of decentralized SGD (DSGD) place strong
emphasis on consensus: the per-worker deviations from the network average are driven to zero so
that the decentralized average closely approximates a centralized iterate. While vanishing consen-
sus simplifies convergence analysis, it also eliminates inter-worker model diversity that can act as
a source of structured perturbations. Prior work shows that explicit perturbations (e.g., Sharpness-
Aware Minimization [5, 8, 10]) or intrinsic DSGD noise can promote flatter minima and improved
generalization [16]; from this perspective, aggressively enforcing consensus in decentralized train-
ing may discard a low-cost, data-dependent mechanism that benefits generalization.

Motivated by the observation in the training dynamics of DSGD, we propose to treat consensus
as a tunable resource. We propose Decentralized SGD with Adaptive Consensus (DSGD-AC), a
simple modification of DSGD in which the consensus correction is scaled by a time-dependent co-
efficient derived from the learning-rate schedule. DSGD-AC intentionally preserves non-vanishing
inter-worker differences during the late-training phase. The modification requires no extra gradient
evaluations and only standard decentralized communication.

Contributions: (1) We identify vanishing consensus in DSGD as a potential limiter of general-
ization and clarify the mechanism by which persisting consensus errors can act as implicit, low-cost
perturbations. (2) We propose DSGD-AC, a lightweight adaptive-mixing rule that ties consensus
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strength to the learning-rate schedule. (3) We provide analytic interpretation and empirical evidence
showing improved test performance on representative deep learning tasks with negligible extra cost.

2. Notation and Background

Decentralized Optimization We consider the standard decentralized optimization setup with N
workers. Each worker i ∈ [N ] holds a local objective determined by its local dataset Di: Fi(x) =
Eξ∼Di

[f(x; ξ)]. The standard decentralized optimization problem is written as

min
x1,x2,··· ,xN

1

N

N∑
i=1

Fi(xi), subject to xi = xj , ∀i, j ∈ [N ] (1)

We let x̄(t) = 1
N

∑N
i=1 x

(t)
i denote the global average model. This is the model that would typically

be deployed and evaluated in practice.

Decentralized SGD (DSGD) The update of DSGD [9] on worker i is:

x
(t+1)
i = x

(t)
i − α(t)∇f(x

(t)
i ; ξ

(t)
i ) +

∑
j∈N (i)

W
(t)
ij (x

(t)
j − x

(t)
i ) (2)

where N (i) is the set of neighbors of worker i (including itself), Wij is a doubly stochastic matrix
defining the weights of the edges (Wij = 0 if worker i is a neighbor of worker j), and ξ

(t)
i denotes

the stochastic mini-batch sampled by worker i at iteration t. We denote the consensus error between
worker i and the global average by ei = xi − x̄.

Sharpness-aware minimization (SAM) and connection to DSGD Sharpness-aware minimiza-
tion (SAM) seeks solutions that are robust to worst-case or random perturbations of the weights
[4, 5, 14]. A recent observation [16, Theorem 1] suggests that, in DSGD, the expected update
of x̄(t) aligns with the gradient of an average-direction SAM objective whose perturbation covari-
ance is given by the weight diversity. Our experiments, however, demonstrate that disagreements are
data-dependent even with i.i.d. reshuffling; we therefore control—rather than eliminate—consensus
errors via an adaptive consensus strength.

Practical remarks about distributed data sampler We let D(e)
i denote the local dataset assigned

to worker i in epoch e. The common practice for the distributed data sampler (also in our exper-
iments) is to reshuffle the full dataset at the start of each epoch and re-assign it to workers. This
makes F (e)

i (the epoch-dependent local objective) vary across epochs while preserving overall data
coverage. The empirical experiment in this work measures local losses using this convention.

3. Method

3.1. Key finding: vanishing consensus error in DSGD

We start by empirically investigating the behavior of consensus errors when training a Wide ResNet
(WRN28-10) [15] on CIFAR-10 [6] with DSGD. In this experiment, we employ a cosine annealing
learning rate schedule [11] with a linear warm-up during the first 10 epochs (Figure 1, left). We
track the average norm of the consensus errors and observe, as shown in blue in Figure 1 (right),
that under DSGD the consensus errors gradually vanish as the learning rate decreases.
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Figure 1: Decentralized training of WRN28-10 on CIFAR-10 (3 random runs for each algorithm). There
are 8 workers, and the communication topology is the one-peer ring topology (time-varying). Left: Learning
rate schedule (same for both algorithms). Right: Average norm of consensus errors evaluated at the end of
every epoch ( 1

N

∑N
i=1 ∥x

(eT )
i − x̄(eT )∥). p is set to 3 for DSGD-AC.

Claim 1 With diminishing step sizes, DSGD loses the effect of the average-direction SAM.

Claim 1 can be explained theoretically. By interpreting the mixing step as a gradient step on a
quadratic consensus penalty, one obtains the per-step surrogate

J (t)(x1, · · · , xn)

=
1

N

N∑
i=1

Fi(x̄
(t))︸ ︷︷ ︸

objective on deployed model

+
1

N

N∑
i=1

[Fi(x
(t)
i )− Fi(x̄

(t))]︸ ︷︷ ︸
sharpness

+
1

2Nα(t)

∑
i,j∈[N ]

Wij∥x(t)i − x
(t)
j ∥2

︸ ︷︷ ︸
consensus regularizer

(3)

With symmetric mixing weights and no momentum or adaptivity, each DSGD step is exactly a
(stochastic) gradient on J . Thus, when α(t) goes to 0, the consensus regularizer dominates the
objective function, which minimizes the consensus errors but also eliminates the sharpness term
because fi(x

(t)
i ) ≈ fi(x̄

(t)) as x(t)i ≈ x̄.

3.2. Algorithm: Decentralized SGD with adaptive consensus (DSGD-AC)

The algorithm of the proposed method is shown in Algorithm 1, and the main difference from
DSGD is highlighted. Compared with DSGD, the proposed variant includes an adaptive factor to
maintain non-diminishing consensus errors intentionally.

Note that α(t) is determined by the employed learning rate schedule (cosine annealing, for
example), and αmin and αmax are the minimal and maximal learning rates throughout the training.
The algorithm takes the global average of local models as the deployed model.

3.3. Main characteristics of DSGD-AC

Claim 2 DSGD-AC maintains non-vanishing and useful consensus errors.

The original motivation is to maintain non-diminishing consensus errors. Therefore, we multi-
ply the weight of the consensus regularizer by an adaptive γ, which directly leads to the DSGD-AC
algorithm. The objective function of DSGD-AC is mostly the same as DSGD. Only the weight of
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Algorithm 1: Decentralized SGD with adaptive consensus (DSGD-AC) on worker i
Data: Dataset (D), the number of workers (N ), the number of epoch (E), the number of

batches per epoch (T ), initial parameter (x(0)), and a hyperparameter (p ∈ R+) .

Result: Deployed model x̄ = 1
n

∑n
j=1 x

(TE)
j

x
(0)
1 = x

(0)
2 = · · · = x

(0)
n = x(0)

for t = 1 to TE do
g
(t)
i = ∇f(x

(t−1)
i ; ξ

(t)
i )

γ(t) =
[
(α(t) − αmin)/(αmax − αmin)

]p
x
(t)
i = x

(t−1)
i − α(t)g

(t)
i + γ(t)

∑
j∈N (i)Wij(x

(t−1)
j − x

(t−1)
i )

end

Figure 2: The losses on the models of workers and the global center on the local dataset of worker 1

used in the last epoch, which are L(x
(eT )
i ;D

(eT )
1 ) and L(x̄(eT );D

(eT )
1 ) for i ∈ {1, · · · , N} and e ∈

{10, 20, · · · , 200}. Left: DSGD. Right: DSGD-AC.

the consensus regularizer becomes γ(t)/(2Nα(t)). As shown in Figure 1, the norm of the consensus
errors keeps increasing and does not vanish. Moreover, as shown by the empirical experiments in
Section 4, DSGD-AC outperforms DSGD and SGD in generalization by a clear margin.

Claim 3 Consensus errors are not independent of the epoch-dependent local data distributions.

In the proof of [16, Theorem 1], it assumes the consensus error ei is independent of its corre-
sponding local function Fi. However, we demonstrate empirically that this independence assump-
tion is violated in practice.

As described in the practical remarks in Section 2, reshuffling and partitioning are performed
on the whole dataset at every epoch. Therefore, in the experiments, Fi = Fj should hold for all
i, j ∈ [N ]. In expectation, all local models should perform similarly on all the local datasets.

We evaluate the local models on the local dataset of worker i used in the last epoch. To be
specific, we evaluate the loss L(xeTi ;D

(e)
1 ), where T is the number of local batches in one epoch

(as described in Algorithm 1). The results are shown in Figure 2. For DSGD, all workers achieve
comparable performance on the dataset of worker 1. In contrast, under DSGD-AC, worker 1’s model
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Figure 3: Left: Same metrics as in Fig. 2 except using the local dataset of worker 1 in the next epoch. Right:
Losses F (x̄+ρ·ϵ/∥ϵ∥;D(180)

1 ) along segments crossing the global center. worker i: along ei, gradient: along

∇F (x̄;D
(180)
1 ), and random: 1500 random directions ϵ generated from normal distributions (as in [4]). The

red dots correspond to ρ = ∥ei∥.

consistently attains significantly lower losses than the other workers, especially for e ≥ 150. Similar
patterns are observed when evaluating on the local datasets of other workers (see Appendix 6.4).

Claim 3 is particularly noteworthy, as it highlights a clear link between consensus errors and the
underlying data distributions in DSGD-AC.

Remark 1 DSGD-AC can be considered as the sharpness-aware minimization over data distribu-
tions.

Given the findings in Claim 3, F (e)
i should not be considered as all the same even under i.i.d.

data sampling. Therefore, for epoch e, DSGD-AC should have an epoch-dependent objective func-
tion, which can be written as

J (e)(x1, · · · , xn) =
1

N

N∑
i=1

F
(e)
i (x̄) +

1

N

N∑
i=1

[F
(e)
i (xi)− F

(e)
i (x̄)] +

γ(t)

2Nα(t)

∑
i,j∈[N ]

Wij∥xi − xj∥2

(4)
We first focus on the objective of the deployed model. Since F

(e)
i is determined by its cor-

responding local dataset, and the union of all local datasets in every epoch e is always the whole
dataset. Therefore, the following statement holds for all e ∈ N+.

N∑
i=1

T∑
s=1

f(x; ξ
(e)
i ) =

N∑
i=1

T∑
s=1

f(x; ξ
(1)
i ) ⇒

N∑
i=1

F
(e)
i (x) =

N∑
i=1

F
(1)
i (x) (5)

which concludes that the first term in Eq. 4 remains the same for the same x̄.
Figure 2 demonstrates that, except for worker 1, all other workers perform significantly worse

on the local dataset of worker 1 in epoch e compared with the global average. In the next epoch,
the samples in D

(e)
1 are expected to be distributed evenly to all local datasets. Even though it is not

intentionally controlled, the default data shuffle strategy makes the direction of the consensus error
ei positively correlate with the ascent direction on the local dataset of other workers.
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To provide empirical evidence for the statement, we again evaluate the local models on the local
dataset of worker 1 but in the next epoch, which is L(x(eT )

i ;D
(e+1)
1 ). The left of Figure 3 validates

the statement, and the global center always outperforms other workers. We also evaluate the loss
on the line connecting x̄ and xi on D

(e)
1 . The right of Figure 3 validates the correlation between

consensus errors and the losses on the local datasets. Moreover, to demonstrate that the sharpness
term in Eq. 4 is not equivalent to the average-direction SAM, we also sample a sufficient number
of random directions as in [4], and the results demonstrate that the consensus errors in DSGD-AC
have a significant correlation with the ascent direction, which captures sharpness information over
data distributions. Even though the consensus errors in DSGD-AC do not align perfectly with the
gradient (roughly the sharpest direction), it should be noted that the consensus errors do not incur
extra cost as in the ascent-direction SAM.

4. Numerical Experiments

In this section, we present the results of the numerical experiments on image classification with wide
ResNet [15] and on machine translation with transformers [12]. The results are shown in Table 1.
We defer the detailed hyperparameters to Appendix 6.1 and the training curves to Appendix 6.2.

Table 1: Results on CIFAR-10 with WRN28-10 and WMT14 En→De with Transformer-big. Values
are mean ± std over 3 runs.

Table 2: CIFAR-10 (WRN28-10)

Method Acc. (%) Comp. Cost

SGD 96.20 ± 0.14 1×
DSGD 96.13 ± 0.13 1×
DSGD-AC 96.86 ± 0.24 1×
SAM 97.30 ± 0.08 2×

Table 3: WMT14 En→De (Transformer-big)

Method BLEU (%)

Adam 28.68 ± 0.07
DAdam 28.38 ± 0.22
DAdam-AC 28.85 ± 0.18

5. Conclusion & Discussion

We presented DSGD-AC, a lightweight modification to decentralized SGD that treats consensus
as a tunable resource rather than a constraint to eliminate. By adaptively scaling consensus errors
according to the learning-rate schedule, DSGD-AC preserves inter-worker diversity that serves as
implicit sharpness-aware regularization, improving generalization with negligible cost.

Our empirical results suggest that the consensus errors that we keep throughout training are not
just random noise, but are shaped by the loss. In our experiments, directions with higher Hessian
curvature tend to amplify and retain more disagreement, and the consensus error naturally leans
toward the ”sharp” directions of the loss landscape. A theoretical analysis (not included here) sug-
gests that these disagreements act like a curvature-weighted regularizer on the deployed model,
where perturbations in sharper directions hurt more, nudging the optimization trajectory toward
flatter and more robust regions. In this sense, decentralized training implicitly injects structured,
curvature-aware noise, offering a simple way to obtain SAM-like benefits without extra computa-
tion.
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6. Appendix

6.1. Experiment Details

6.1.1. WIDERESNET ON CIFAR10

General:

• Number of epochs: 200

• Global batch size: 128

• Learning rate scheduler: Linear warm-up to 0.1 in the first 10 epochs, then use the cosine
annealing learning rate scheduler until the end.

• Base optimizer: SGD + momentum (0.9). Weight decay is set to 0.0005.

• Data shuffle: Randomly shuffle and divide into N local datasets in every epoch.

Decentralized training:

• Number of workers: 8

• Communication topology: one-peer ring (switch between i − 1 and i + 1 neighbors in con-
secutive iterations)

• Exponent p is fixed to 3 in DSGD-AC (tuned by experiments), and γ is fixed to 1 in the
warm-up stage.

• To avoid the influence of the mismatched batch normalization statistics (exponentially aver-
aged mean and variance of the input) on the global average center, we run a full scan on all
samples in the training set before the evaluation on the validation set to calibrate the statistics.
While it is costly, it only needs one pass throughout the training if not logging the performance
of the deployed model before the last epoch.
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6.1.2. TRANSFORMER ON WMT14

General:

• Number of epochs: 20

• Global batch size: ∼25000 tokens

• Learning rate scheduler: Linear warm-up to 0.0005 in the first 4000 steps, then use 0.0005 ·
(4000/t)0.5 until the end (t is the number of iterations).

• Base optimizer: Adam (β1 = 0.9, β2 = 0.98).

• Data shuffle: Randomly shuffle and divide into N local datasets in every epoch.

Decentralized training:

• Number of workers: 8

• Communication topology: one-peer ring (switch between left and right neighbors in consec-
utive iterations)

• Exponent p is fixed to 3 in DSGD-AC (tuned by experiments), and γ is fixed to 1 in the
warm-up stage.

• Since only layer norm [3] is used in transformers, there is no need to calibrate the statistics
for this experiment.

6.2. Training Curves of Wide ResNet Experiments

Figure 4: WRN28-10 on CIFAR-10. Left: Test accuracy on validation set. For decentralized training, the
accuracy is evaluated on the global average model. Right: Training losses (evaluated on the workers for
decentralized training, and evaluated on perturbed points for SAM) and validation losses (evaluated on the
global average model for decentralized training). The curves for each algorithm are based on 3 runs with the
same set of random seeds.
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6.3. Training Curves of Transformer Experiments

Figure 5: Transformer (big) on WMT14 English-to-German. Left: Losses on training set. Right:
BLEU scores on the test set.

6.4. Losses on Local Datasets

Figure 6: Left: Loss on the local dataset of worker 1. Right: Loss on the local dataset of worker 2.

Figure 7: Left: Loss on the local dataset of worker 3. Right: Loss on the local dataset of worker 4.
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Figure 8: Left: Loss on the local dataset of worker 5. Right: Loss on the local dataset of worker 6.

Figure 9: Left: Loss on the local dataset of worker 7. Right: Loss on the local dataset of worker 8.

11


	Introduction
	Notation and Background
	Method
	Key finding: vanishing consensus error in DSGD
	Algorithm: Decentralized SGD with adaptive consensus (DSGD-AC)
	Main characteristics of DSGD-AC

	Numerical Experiments
	Conclusion & Discussion
	Appendix
	Experiment Details
	WideResNet on CIFAR10
	Transformer on WMT14

	Training Curves of Wide ResNet Experiments
	Training Curves of Transformer Experiments
	Losses on Local Datasets


