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Abstract

The scale of deep learning nowadays calls for efficient
distributed training algorithms. Decentralized momentum
SGD (DmSGD), in which each node averages only with
its neighbors, is more communication efficient than vanilla
Parallel momentum SGD that incurs global average across
all computing nodes. On the other hand, the large-batch
training has been demonstrated critical to achieve runtime
speedup. This motivates us to investigate how DmSGD per-
forms in the large-batch scenario.

In this work, we find the momentum term can amplify the
inconsistency bias in DmSGD. Such bias becomes more ev-
ident as batch-size grows large and hence results in severe
performance degradation. We next propose DecentLaM, a
novel decentralized large-batch momentum SGD to remove
the momentum-incurred bias. The convergence rate for both
strongly convex and non-convex scenarios is established.
Our theoretical results justify the superiority of DecentLaM
to DmSGD especially in the large-batch scenario. Experi-
mental results on a a variety of computer vision tasks and
models show that DecentLaM promises both efficient and
high-quality training.

1. Introduction
Efficient distributed training across multiple computing

nodes is critical for large-scale deep learning tasks nowa-
days. As a principal training algorithm, Parallel SGD com-
putes a globally averaged gradient either using the Parame-
ter Server (PS) [24] or the All-Reduce communication prim-
itive [38]. Such global synchronization across all nodes ei-
ther incurs significant bandwidth cost or high latency, which
hampers the training scalability.

Decentralized SGD [36, 7, 25, 26, 4, 10] based on par-
tial averaging has become one of the major approaches
in the past decade to reduce communication overhead in
distributed optimization. Partial averaging, as opposed to
global averaging used in Parallel SGD, requires every node
compute the average of the nodes in its neighborhood, see
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Figure 1. Illustration of decentralized methods. Nodes receive
information from neighbors; they do not relay information. For
example, nodes 4 and 6 collect information from their neighbors
{1, 5} and {3, 5}, respectively. Other nodes do the same but not
depicted. Topology connectivity can be represented in a matrix, as
shown in the right figure, see more details in Sec. 3.

Fig. 1. If a sparse topology such as one-peer exponential
graph [4] is utilized to connect all nodes, each node only
communicates with one neighbor each iteration and hence
saves remarkable communications. Decentralized SGD can
typically achieve 1.3 ∼ 2× training time speedup without
performance degradation [25, 4, 23].

Existing Decentralized SGD methods [25, 26, 47, 27, 4]
and their momentum accelerated variants [56, 44, 15, 5]
primarily utilize small-batch in their algorithm design.
However, recent hardware advances make it feasible to
store large batches in memory and compute their gradi-
ents timely. Furthermore, the total batch size naturally
grows when more computing nodes participate into train-
ing. These two primary reasons lead to the recent explo-
ration of large-batch deep training algorithms.

In fact, large-batch training has been extensively studied
in Parallel SGD. Pioneering works [17, 52, 54] find large-
batch can significantly speed up Parallel SGD. First, the
computation of a large-batch gradient can fully utilize the
computational resources (e.g., the CUDA cores and GPU
memories). Second, large-batch gradient will result in a re-
duced variance and hence enables a much larger learning
rate. With newly-proposed layer-wise adaptive rate scaling
(LARS) [52] and its variant [54], large-batch Parallel mo-
mentum SGD (PmSGD) can cut down the training time of
BERT and Resnet-50 from days to hours [55].

This naturally motivates us to study how Decentralized
momentum SGD (DmSGD) performs with large batch-size.
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Dataset Cifar-10 ImageNet
Batch-size 2K 8K 2K 32K

PmSGD 91.6% 89.2% 76.5% 75.3%
DmSGD 91.5% 88.3% 76.5% 74.9%

Table 1. Top-1 validation accuracy comparison between PmSGD
and DmSGD under the small-batch and large-batch settings. No
layer-wise adaptive rate scaling is used in any of these algorithms.
All hypter-parameters are exactly the same. More experimental
details can be referred to Appendix G.1

To this end, we compared PmSGD and DmSGD over Cifar-
10 (Resnet-20) and ImageNet (Resnet-50) with both small
and large batches. Their performances are listed in Table 1.
While DmSGD achieves the same accuracy as PmSGD with
small batch-size, it has far more performance degradation in
the large-batch scenario. This surprising observation, which
reveals that the extension of DmSGD to large-batch is non-
trivial, raises two fundamental questions:

• Why does DmSGD suffer from severe performance
degradation in the large-batch scenario?

• How to enhance the accuracy performance of large-batch
DmSGD so that it can match with or even beat PmSGD?
This paper focuses on these questions and provides affir-

mative answers. In particular, our main contributions are:

• We find large-batch DmSGD has severe performance
degradation compared to large-batch PmSGD and clarify
the reason behind this phenomenon. It is discovered that
the momentum term can significantly amplify the incon-
sistency bias in DmSGD. When batch-size is large and the
gradient noise is hence dramatically reduced, such incon-
sistency bias gets dominant and thus degrades DmSGD’s
performance notably.

• We propose DecentLaM, a novel decentralized large-
batch momentum SGD to remove the momentum-
incurred bias in DmSGD. We establish its convergence
rate for strongly convex and non-convex scenarios. Our
theoretical results show DecentLaM has superior perfor-
mance to existing decentralized momentum methods, and
such superiority gets more evident as batch size grows.

• Experimental results on a variety of computer vision tasks
and models show that DecentLaM outperforms DmSGD,
DA/QG/D2-DmSGD, PmSGD, and PmSGD with LARS
in terms of both training speed and accuracy.

The rest of this paper is organized as follows: We briefly
summarize related works in Sec. 2 and review DmSGD in
Sec. 3. We identify the issue that causes performance degra-
dation in DmSGD (Sec. 4) and propose DecentLaM to re-
solve it (Sec. 5). The convergence analysis and experiments
are established in Sec. 6 and Sec. 7.

2. Related Works

Decentralized deep training. Decentralized optimization
algorithms can be tracked back to [49]. Decentralized gra-
dient descent [36, 59], diffusion [7, 42] and dual averaging
[13] are among the first decentralized algorithms that target
on general optimization problems arise from signal process-
ing and control community. In the context of deep learning,
Decentralized SGD (DSGD) have gained a lot of attentions
recently. DSGD will incur model inconsistency among
computing nodes. However, it is established in [25] that
DSGD can reach the same linear speedup as vanilla Parallel
SGD in terms of convergence rate. After that, [4] comes out
to extend DSGD to directed topology. A recent work [21]
proposes a unified framework to analyze DSGD with chang-
ing topologies and local updates. [26, 35] extended DSGD
to the asynchronous setting, and [47, 51, 57] proposed de-
centralized stochastic primal-dual algorithms to remedy the
influence of data heterogeneity. Various communication-
efficient techniques can be further integrated into DSGD
such as periodic updates [45, 21, 56], communication com-
pression [3, 6, 22, 20, 48], and lazy communication [9, 32].

Momentum SGD training. Momentum SGD methods
have been extensively studied due to their empirical success
in deep learning. The works [33, 60, 16, 31, 56] establish
that momentum SGD converges at least as fast as SGD. Mo-
mentum SGD for overparameterized models are shown to
converge faster than SGD asymptotically [43]. The explo-
ration in decentralized momentum SGD (DmSGD) is rel-
atively limited. [4] proposes a widely-used DmSGD ap-
proach in which a local momentum SGD step is updated
first before the partial averaging is conducted (see Algo-
rithm 1). This approach is later extended by [44, 15] to
involve communication quantization and periodic local up-
dates. Another work (Doubly-averaging DmSGD, or DA-
DmSGD) [56] imposes an additional partial averaging over
momentum to increase stability. [5] proposes a new vari-
ant in which the partial-averaging step is mixed up with the
local momentum SGD update. All these decentralize mo-
mentum methods were studied with small batch sizes.

Large-batch training. The main challenge to use large-
batch lies in the generalization performance degradation.
Recent works in large-batch training centered on adaptive
learning rate strategies to enhance accuracy performance.
For example, Adam and its variants [19, 39] adjust the
learning rate based on the gradient variance, and [17] uti-
lizes learning rate warm-up and linear scaling to boost the
performance in large-batch scenario. The layer-wise adap-
tive rate scaling [52, 53] can reduce the training time of
Resnet-50 and BERT from days to hours. However, the
study of large-batch training in decentralized algorithms is
quite limited. This paper does not propose any adaptive rate
strategy for decentralized algorithms. Instead, we will de-
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sign an optimization method that can reduce the intrinsic
convergence bias in decentralized algorithms and hence im-
prove their performance in the large-batch scenario.
Decentralized methods on heterogeneous data. Decen-
tralized large-batch training within data-centers shares the
same essence with decentralized training with heteroge-
neous data for EdgeAI applications. In large-batch train-
ing, the stochastic bias caused by gradient noise gets sig-
nificantly reduced and the inconsistency bias caused by
data heterogeneity will become dominant. [47, 34, 57, 51]
proposed decentralized stochastic primal-dual algorithms to
remedy the influence of data heterogeneity. However, none
of these algorithms show strong effective empirical per-
formances in commenly-used deep learning models such
as ResNet-50 or EfficientNet. A concurrent work [27]
proposes Quasi-Global momentum, which locally approx-
imates the global optimization direction, to mitigate the af-
fects of heterogeneous data. It is worth noting that while
DecentLaM is proposed for the large-batch setting within
data-centers, it is also suitable for EdgeAI applications.

3. Decentralized Momentum SGD
Problem. Suppose n computing nodes collaborate to solve
the distributed optimization problem:

min
x∈Rd

f(x) =
1

n

n∑
i=1

[fi(x) := Eξi∼Di
F (x; ξi)] (1)

where fi(x) is local to node i, and random variable ξi
denotes the local data that follows distribution Di. Each
node i can locally evaluate stochastic gradient∇F (x; ξi); it
must communicate to access information from other nodes.
Notation. We let [n] := {1, · · · , n}, and 1 ∈ Rd be a
vector with each element being 1.
Network topology and weights. Decentralized methods
are based on partial averaging within neighborhood that is
defined by the network topology. We assume all comput-
ing nodes are connected by a undirected network topology.
Such connected topology can be of any shape, but its degree
and connectivity will affect the communication efficiency
and convergence rate of the decentralized algorithm. For a
given topology, we define wij , the weight to scale informa-
tion flowing from node j to node i, as follows:

wij

{
> 0 if node j is connected to i, or i = j;
= 0 otherwise.

(2)

We further define Ni := {j|wij > 0} as the set of neigh-
bors of node i which also includes node i itself. We define
weight matrix W := [wij ]

n
i,j=1 ∈ Rn×n to stack all weights

into a matrix. Such matrix W will characterize the sparsity
and connectivity of the underlying network topology. An
example of the topology and its associated weight matrix
W is illustrated in Fig. 1.

Algorithm 1: DmSGD

Require: Initialize γ, x(0)
i ; let m(0)

i = 0, β ∈ (0, 1)
for k = 0, 1, 2, ..., T − 1, every node i do

Sample ξ
(k)
i and update g

(k)
i =∇F (x

(k)
i ; ξ

(k)
i )

m
(k+1)
i = βm

(k)
i + g

(k)
i ▷ momentum update

x
(k+ 1

2 )
i = x

(k)
i − γm

(k+1)
i ▷ local model update

x
(k+1)
i =

∑
j∈Ni

wijx
(k+ 1

2 )
j ▷ partial average

Partial averaging. With weights {wij} and the set of
neighborsNi, the neighborhood partial averaging operation
of node i can be expressed as

Partial averaging: x+
i ←

∑
j∈Ni

wijxj . (3)

Partial averaging has much lower communication over-
heads. When the network topology is sparse, partial averag-
ing typically incurs O(1) latency plus O(1) bandwidth cost,
which are independent of the number of computing nodes n.
Consequently, decentralized methods are more communica-
tion efficient than those based on global averaging.
Decentralized SGD (DSGD). Given a connected network
topology and weights {wij}, each node i in DSGD will it-
erate in parallel as follows:

x
(k+ 1

2 )
i = x

(k)
i − γ∇F (x

(k)
i ; ξ

(k)
i ) (local update) (4)

x
(k+1)
i =

∑
j∈Ni

wij x
(k+ 1

2 )
j (partial averaging) (5)

where x(k)
i is the local model of node i at iteration k, ξ(k)i is

the realization of ξi at iteration k, and γ is the learning rate.
When the network topology is fully connected and wij =
1/n, DSGD will reduce to the Parallel SGD algorithm.
Decentralized momentum SGD (DmSGD). Being the
momentum accelerated extension of DSGD, DmSGD has
been widely-used in existing literatures [26, 4, 44, 15, 56,
5]. The primary version of DmSGD is listed in Algorithm 1.
When small-batch is used, DmSGD will achieve 1.3 ∼ 2×
speedup in training time compared to PmSGD without vis-
ibly loss of generalization performance.
Assumptions. We introduce several standard assumptions
to facilitate future analysis:
A.1 Each fi(x) is L-smooth, i.e., ∥∇fi(x) − ∇fi(y)∥ ≤
L∥x− y∥ for any x, y ∈ Rd.

A.2 The random sample ξ
(k)
i is independent of each other

for any k and i. We also assume each stochastic gradient
is unbiased and has bounded variance, i.e., E[∇F (x; ξi)] =
∇fi(x) and E∥∇F (x; ξi)−∇fi(x)∥2 ≤ σ2.
A.3 The network topology is strongly connected, and the
weight matrix is symmetric and satisfies W1 = 1.
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Assumption A.3 indicates
∑

j∈Ni
wij = 1 for i ∈ [n],

which is critical to guarantee the partial averaging (3)
to converge to the global averaging asymptotically. The
weight matrix satisfying Assumption A.3 can be easily con-
structed, see [42, Table 14.1].

4. DmSGD Incurs Severe Inconsistency Bias
Table 1 shows that large-batch DmSGD has a severe per-

formance degradation compared to PmSGD. This section
targets to explore the reason behind this phenomenon. To
highlight the insight, we assume each fi(x) to be strongly
convex, and x⋆ to be the global solution to problem (1).
Limiting bias of decentralized methods. The convergence
of decentralized methods such as DSGD and DmSGD will
suffer from two sources of bias: Stochastic bias is caused
by the utilization of stochastic gradient in algorithms; In-
consistency bias is caused by the data inconsistency be-
tween nodes.
In addition, these two bias are orthogonal to each other, i.e.,

lim
k→∞

n∑
i=1

E∥x(k)
i − x⋆∥2 = sto. bias + inconsist. bias

An example illustrating the stochastic and inconsistency
bias of DSGD is established in Appendix C.1.
Inconsistency bias dominates large-batch scenario. In
the large-batch scenario, the gradient nosie will be notably
reduced. In an extreme case where a full-batch gradient is
utilized, the stochastic bias becomes zero. This leads to

Proposition 1. The inconsistency bias dominates the con-
vergence of large-batch decentralized algorithms.

DmSGD’s inconsistency bias: intuition. The inconsis-
tency bias can be achieved by letting gradient noise be zero.
To this end, we let g(k)i = E[∇F (x

(k)
i ; ξ

(k)
i )] = ∇fi(x(k)

i )
be the full-batch gradient. Note that both model xi and
gradient gi are deterministic due to the removal of gradi-
ent noise. By substituting the momentum update and local
model update into the partial averaging step in Algorithm 1,
we can rewrite DmSGD (see Appendix B.1) as

x
(k+1)
i =

∑
j∈Ni

wij

(
x
(k)
j − γ∇fj(x(k)

j )
)

︸ ︷︷ ︸
DSGD

(DmSGD)

+ β
(
x
(k)
i −

∑
j∈Ni

wijx
(k−1)
j

)
︸ ︷︷ ︸

momentum

, ∀i ∈ [n]. (6)

Since the momentum term in DmSGD (6) cannot vanish
as k increases, it will impose an extra inconsistency bias
to DSGD. A simple numerical simulation on a full-batch
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Figure 2. Convergence comparison between DSGD and DmSGD
for a full-batch linear regression problem. Detailed experimental
setting is in Appendix G.2.

linear regression problem confirms such conclusion. It is
observed in Fig. 2 that DmSGD converges faster but suffers
from a larger bias than DSGD.

DmSGD’s inconsistency bias: magnitude. The follow-
ing proposition quantitatively evaluates the magnitude of
DmSGD’s inconsistency bias:

Proposition 2. Under Assumptions A.1 and A.3, if each
fi(x) is further assumed to be strongly-convex, and the
full-batch gradient ∇fi(x) is accessed per iteration, then
DmSGD (6) has the following inconsistency bias:

lim
k→∞

n∑
i=1

∥x(k)
i − x⋆∥2 = O

( γ2b2

(1− β)2

)
, (7)

where b2 = (1/n)
∑n

i=1 ∥∇fi(x⋆)∥2 denotes the data in-
consistency between nodes, and β is the momentum coeffi-
cient. (Proof is in Appendix C.2)

Note that we do not take expectation over
∑n

i=1 ∥x
(k)
i −

x⋆∥2 in (7) because no gradient noise exists in recursion
(6). Recall from Appendix C.1 that DSGD has an incon-
sistency bias on the order of O(γ2b2). Comparing it with
(7), it is observed that the momentum term in DmSGD is
essentially amplifying the inconsistency bias by a margin
of 1/(1 − β)2. This can explain why DmSGD converges
less accurate than DSGD as illustrated in Fig. 2. Noting
that β is typically set close to 1 in practice, DmSGD can
suffer from a significantly large inconsistency bias. Since
inconsistency bias dominates the large-batch scenario (see
Proposition 1), DmSGD is thus observed to have a severely
deteriorated performance as illustrated in Table 1.

5. Improving Inconsistency Bias: DecentLaM

To improve large-batch DmSGD’s accuracy, we have to
reduce the influence of momentum on inconsistency bias.

Intuition. The amplified inconsistency bias suffered by
DmSGD is caused by the non-vanishing momentum term
in (6). An intuitive remedy is to replace the partial averag-
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ing
∑

j∈Ni
wijxj with xi inside the momentum, i.e.,

x
(k+1)
i =

∑
j∈Ni

wij

(
x
(k)
j − γ∇fj(x(k)

j )
)

︸ ︷︷ ︸
DSGD

(DecentLaM)

+ β
(
x
(k)
i − x

(k−1)
i

)
︸ ︷︷ ︸

momentum

, ∀i ∈ [n]. (8)

In the above recursion, the momentum term will diminish
to zero as k goes to infinity1. As a result, it is expected that
recursion (8) will converge to the same solution as DSGD.
We simulate the convergence behaviour of recursion (8) un-
der the same setting as Fig. 2. It is observed in Fig. 3 that
the proposed algorithm converges as fast as DmSGD but to
a more accurate solution. Since recursion (8) is with an im-
proved inconsistency bias, it better fits into the large-batch
scenario than DmSGD. We thus name it as decentralized
large-batch momentum SGD, or DecentLaM for short.
DecentLaM’s inconsistency bias. The following proposi-
tion quantitatively evaluates the magnitude of DecentLaM’s
inconsistency bias (Proof is in Appendix C.3):

Proposition 3. Under the same assumptions as Proposi-
tion 2, DecentLaM (8) has an inconsistency bias as follows:

lim
k→∞

n∑
i=1

∥x(k)
i − x⋆∥2 = O

(
γ2b2

)
, (9)

Remark 1. Comparing with DmSGD’s inconsistency bias
(7), it is observed that DecentLaM completely removes the
negative effects of momentum; it improves DmSGD’s incon-
sistency bias by a margin of 1/(1 − β)2. When b2 is large
or β is close to 1, such improvement is remarkable.

Remark 2. Comparing with DSGD’s inconsistency bias
O(γ2b2), it is observed that DecentLaM has exactly the
same inconsistency bias as DSGD. However, the momentum
term in DecentLaM will significantly speed up its conver-
gence rate. The simulation results in Fig. 3 are consistent
with the conclusions discussed in Remarks 1-2.

Efficient implementation. To apply DecentLaM (8) to
train deep neural networks, we need two additional modi-
fications: (i) the full-batch gradient ∇fi(x) needs to be re-
placed with the stochastic gradient∇F (x; ξi); (ii) recursion
(8) needs to be transformed to fit into the momentum SGD
optimizer provided by PyTorch [37] or TensorFlow [2]. To
this end, we introduce an important auxiliary variable:

g
(k)
i =

1

γ
x
(k)
i −

1

γ

∑
j∈Ni

wij

(
x
(k)
j −γ∇F (x

(k)
j ; ξ

(k)
j )
)

(10)

1It is because x
(k)
i − x

(k−1)
i → 0 when x

(k)
i converges.
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Figure 3. Convergence comparison between DSGD, DmSGD and
decentLaM for a full-batch linear regression problem.
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Figure 4. The workflow of DecentLaM in a training iteration.

Note that the construction of g
(k)
i involves one round of

back-propagation (to evaluate∇F ) and one round of neigh-
borhood communications. With g

(k)
i in (10), we can rewrite

DecentLaM (8) as in Algorithm 2, see Appendix B.2 for
detail derivation. This implementation is almost the same
as the vanilla momentum SGD within a single computing
node, with the exception to construct g(k)i as in (10). The
momentum update and local model update in Algorithm
2 can be conducted via the mSGD optimizer provided by
PyTorch or TensorFlow. As shown in Fig. 4, the dashed
part, which is different from the DmSGD workflow, enables
an efficient wait-free backpropagation (WFBP) implemen-
tation that can overlap communication and computation.

6. Convergence analysis of DecentLaM

Sec. 5 proposes a novel algorithm DecentLaM and ex-
plains why it better fits into the large-batch scenario. This
section establishes the formal convergence analysis in the
strongly-convex and non-convex scenarios, respectively.
We let λn denotes the smallest eigenvalue of matrix W .

Algorithm 2: DecentLaM

Require: Initialize γ, x(0)
i ; let m(0)

i = 0, β ∈ (0, 1)
for k = 0, 1, 2, ..., T − 1, every node i do

Sample ξ
(k)
i and update g

(k)
i according to (10)

m
(k+1)
i = βm

(k)
i + g

(k)
i ▷ momentum update

x
(k+1)
i = x

(k)
i − γm

(k+1)
i ▷ local model update
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6.1. Strongly-convex scenario

Assumption A.4 Each fi(x) is µ-strongly convex, i.e.,
⟨∇fi(x)−∇fi(y), x− y⟩ ≥ µ∥x− y∥2 for any x, y ∈ Rd.

Theorem 1. Under Assumption A.1–A.4, if W is further as-
sumed to be positive definite, and the constant learning rate
γ is on the order of O( 1

L′ min{(1− β)2, µ
L′ }), the Decent-

LaM algorithm in Algorithm 2 will converge as (Proof is in
Appendix E.1):

1

n

n∑
i=1

E∥x(k)
i − x⋆∥2

=O
(
(1− γµ

1− β
)k︸ ︷︷ ︸

convg. rate

+
γσ2

1− β︸ ︷︷ ︸
sto. bias

+ γ2b2︸︷︷︸
inconsist.bias

)
(11)

The constant L′ is closely related to the Lipschitz constant
L, see the definition in Appendix E.1. Expression (11) in-
dicates that DecentLaM will converge exponentially fast to
a limiting bias. The limiting bias (which can be achieved
by letting k →∞) can be separated into the stochastic bias
and the inconsistency bias, which is consistent with our dis-
cussion in Sec. 4. In addition, the inconsistency bias in (11)
is consistent with the result in (9). Theorem 1 has restric-
tions on the positive-definiteness of W so that the analysis
can be simplified. However, they are not needed in the real
practice and not used in any of our experiments in Sec. 7.

Theorem 1 establishes the convergence of DecentLaM
with a constant learning rate. When learning rate is decay-
ing, DecentLaM converges exactly to the global solution:

Corollary 1. Under the same assumptions as Theorem 1,
if learning rate γ = Õ( 1−β

k ), DecentLaM will converge as
follows (Proof is in Appendix E.2):

1

n

n∑
i=1

E∥x(k)
i −x

⋆∥2 = Õ
(1
k

)
(12)

where Õ(·) hides all logarithm factors.

Corollary 1 implies that DecentLaM has the same conver-
gence rate O(1/k) as PmSGD in the strongly-convex sce-
nario [31]. However, it saves more communication per iter-
ation due to the partial averaging (see Sec. 3).

6.2. Non-convex scenario

We introduce a standard data inconsistency assumption
for the non-convex scenario:
Assumption A.5 There exits a constant b̂ > 0 such that
1
n

∑n
i=1 ∥∇fi(x) − ∇f(x)∥2 ≤ b̂2 for any x, where f(x)

is the global cost function defined in (1).
Assumption A.5 is much more relaxed than the commonly
used assumption that each ∇fi(x) is upper bounded (i.e.,

Strongly-convex Non-convex

DmSGD [15] N.A. O
(

γ2M2

(1−β)2

)
DmSGD [44] O

(
γ5/2M2

(1−β)6

)
O
(

γ2M2

(1−β)4

)
DmSGD (eq.(7)) O

(
γ2b2

(1−β)2

)
N.A

DA-DmSGD [56] N.A. O
(

γ2b̂2

(1−β)2

)
DecentLaM O(γ2b2) O(γ2b̂2)

Table 2. Inconsistency bias comparison between various algo-
rithms. Quantity M is the gradient’s upper bound, which is typi-
cally much larger than the data inconsistency b or b̂.

∥∇fi(x)∥ ≤ M ) [15, 44, 5]. When data distribution Di in
each computing node i is identical to each other, it holds
that fi(x) = fj(x) for any i and j, which implies b̂ = 0.

Theorem 2. Under the same assumptions as Theorem 1
(replacing Assumption A.4 with A.5), the DecentLaM algo-
rithm in Algorithm 2 will converge as follows (Proof is in
Appendix F.1, and x̄(k) = 1

n

∑n
i=1 x

(k)
i ):

1

T

T−1∑
k=0

(
E∥ 1

n

n∑
i=1

∇fi(x(k)
i )∥2+ 1

n

n∑
i=1

E∥x(k)
i −x̄

(k)∥2
)

=O
( 1− β

γT︸ ︷︷ ︸
convg. rate

+
γσ2

1− β︸ ︷︷ ︸
sto. bias

+ γ2b̂2︸︷︷︸
inconsist.bias

)
(13)

Corollary 2. Under the same assumptions as Theorem 2,
if learning rate γ = O( 1−β√

T
), DecentLaM will converge at

rate O(1/
√
T ) (Proof is in Appendix F.2), which is consis-

tent with PmSGD [31].

Remark 3. In the long report [58], we provide an enhanced
version of Theorems 1 and 2, in which DecentLaM is proved
to have a linear speedup in the iteration complexity with the
increase of the number of computing nodes n.

6.3. Comparison with existing methods

As we discussed in Sec. 4, the inconsistency bias will
dominate the convergence performance as batch-size gets
large. For this reason, we list the inconsistency bias com-
parison between DecentLaM and existing DmSGD variants
in Table 2. By removing the influence of momentum, De-
centLaM has the smallest inconsistency bias. This implies
DecentLaM can perform better in the large-batch scenario.

After completing this work, we become aware of the
concurrent work QG-DmSGD [27] that can also achieve
O(γ2b̂2) for non-convex scenario. However, QG-DmSGD
is based on a strategy to mimic the global momentum,
which is different from the core idea to develop Decent-
LaM. Furthermore, our analysis is also different from QG-
DmSGD. With a delicately designed Lyapunov function,
we can cover the convergence analysis for both non-convex

3034



and strongly-convex scenarios. In contrast, the analysis in
QG-DmSGD is for the non-convex scenario. Finally, we
theoretically uncovered the reason why traditional DmSGD
[56, 15, 44] has degraded performance in Sec. 4 while QG-
DmSGD only justifies it empirically.

7. Experiments
In this section, we systematically compare the pro-

posed method, DecentLaM, with well-known state-of-the-
art methods on typical large-scale computer vision tasks:
image classification and object detection. In particular,
we compare DecentLaM with the following algorithms.
PmSGD is the standard Parallel momentum SGD algo-
rithm in which a global synchronization across all nodes
are required per iteration. PmSGD + LARS exploits a
layer-wise adaptive rate scaling strategy [52] to boost per-
formance with large batch-size. DmSGD [4, 15, 44], DA-
DmSGD [56], QG-DmSGD [27] and D2-DmSGD [47] are
among the state-of-the-art decentralized momentum SGD
methods. The details of these decentralized baselines can
be refereed to our long report [58]. All baseline algorithms
are tested with the recommended hyper-parameters in their
papers, and comparison with more baselines (such as AWC-
DmSGD [5] and SlowMo [50]) is listed in [58]. Note that
DecentLaM requires symmetric (but not necessarily positive
definite) weight matrix to guarantee empirical convergence.

We implement all the aforementioned algorithms with
PyTorch [37] 1.6.0 using NCCL 2.8.3 (CUDA 10.2) as
the communication backend. For PmSGD, we used Py-
Torch’s native Distributed Data Parallel (DDP) module. For
the implementation of decentralized methods, we utilize
BlueFog [1], which is a high-performance decentralized
deep training framework, to facilitate the topology organi-
zation, weight matrix generation, and efficient partial aver-
aging. We also follow DDP’s design to enable computation
and communication overlap. Each server contains 8 V100
GPUs in our cluster and is treated as one node. The inter-
node network fabrics are 25 Gbps TCP as default, which is a
common distributed training platform setting. To eliminate
the effect of topology with different size in decentralized al-
gorithms, we used 8 nodes (i.e. 8 × 8 = 64 GPUs) in all
decentralized training and changed the batch size of every
single GPU respectively.

7.1. Image Classification

Implementation. We conduct a series of image classifica-
tion experiments with the ImageNet-1K [12] dataset, which
consists of 1,281,167 training images and 50,000 validation
images in 1000 classes. We train classification models with
different batch sizes to verify our theoretical findings. As
suggested in [17], we choose batch size equal or less than
8k as small-batch setting and the training protocol in [17]
is used. In details, we train total 90 epochs. The learning

METHOD
BATCH SIZE

2K 8K 16K 32K

PMSGD 76.32 76.08 76.27 75.27
PMSGD+LARS[52] 76.16 75.95 76.65 75.63
DMSGD[4, 15, 44] 76.27 76.01 76.23 74.97
DA-DMSGD[56] 76.35 76.19 76.62 75.51
QG-DMSGD[27] 76.23 75.96 76.60 75.86
D2-DMSGD[47] 75.44 75.30 76.16 75.44

DECENTLAM 76.43 76.19 76.73 76.22

Table 3. Top-1 validation accuracy of aforementioned methods
when training ResNet-50 model with different batch sizes.

rate is warmed up in the first 5 epochs and is decayed by a
factor of 10 at 30, 60 and 80 epochs. For large-batch set-
ting (batch size larger than 8K), we train total 120 epochs.
The learning rate is warmed up in the first 20 epochs and
is decayed in a cosine annealing scheduler as suggested in
[53]. The choice of hyper-parameter setting is not cherry-
picked and we try to keep our PmSGD’s baseline around
76% while [17]’s setting has severe performance drop even
for large-batch PmSGD. The momentum SGD optimizer is
with linear scaling by default. Experiments are trained in
the mixed precision using Pytorch native amp module.

Performance with different batch-sizes. We first compare
the top-1 accuracy of the aforementioned methods when
training ResNet-50 [18] model (∼25.5M parameters) with
different batch-sizes on ImageNet. The network topology
is set as the symmetric exponential topology (see G.3). The
results are listed in Table 3. It is observed that:

• DecentLaM always has better accuracy than other de-
centralized algorithms, and its superiority gets evident as
batch size grows. DecentLaM outperforms DmSGD and
DA-DMSGD by a large margin in the 32K batch size sce-
nario due to its improved inconsistency bias derived in
Proposition 3, Theorems 1 and 2.

• DecentLaM even outperforms PmSGD and PmSGD +
LARS in each scenario. One conjecture is that its model
inconsistency between nodes caused by the partial aver-
aging helps the algorithm escape from shallow local min-
imums. As a result, DecentLaM can be better as well as
faster than DmSGD (with LARS).

• DmSGD and DA-DmSGD have a severe degraded per-
formance in the 32K batch size scenario. It is because
the momentum have amplified their inconsistency bias,
see Proposition 2 and the results listed in Table 2. QG-
DmSGD has relatively small performance degradation,
but it still performs worse than DecentLaM.

We also depict the training loss and top-1 validation ac-
curacy curves on ResNet-50 with 2K and 16K batch sizes
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Figure 5. Convergence results on the ImageNet with respect to training loss and validation top-1 accuracy. The batch size is 2k for left-side
two figures and 16k for right-side two figures.

MODEL RESNET-18 RESNET-34 RESNET-50 MOBILENET-V2 EFFICIENTNET

BATCH SIZE 2K 8K 16K 2K 8K 16K 2K 8K 16K 2K 8K 16K 2K 8K 16K

PMSGD 70.0 69.5 68.3 73.8 72.8 72.9 76.3 76.1 76.3 70.6 71.1 69.5 77.6 77.0 78.1
PMSGD+LARS 70.2 69.9 70.6 73.6 73.2 73.3 76.2 76.0 76.7 70.7 71.3 72.3 77.7 77.2 78.2

DMSGD 69.9 69.3 68.7 73.1 72.7 72.4 76.3 76.0 76.2 70.5 71.0 72.1 77.5 76.9 77.5
DA-DMSGD 70.2 70.0 70.2 73.3 73.1 73.1 76.4 76.2 76.6 70.4 71.4 72.1 77.6 77.4 77.8
QG-DMSGD 70.2 70.5 70.3 73.8 73.1 73.3 76.2 76.0 76.6 70.8 70.6 72.0 76.8 76.5 76.7
D2-DMSGD 69.1 68.9 70.1 72.7 72.3 73.1 75.4 75.3 76.2 70.2 70.6 71.8 76.6 76.4 76.5

DECENTLAM 70.3 69.9 70.5 73.4 73.1 73.4 76.4 76.2 76.7 70.3 71.4 72.2 77.8 77.2 78.3

Table 4. Top-1 validation accuracy comparison with different models and batch sizes on ImageNet dataset.

in Fig. 5. When batch size is 2K, it is observed that Decent-
LaM achieves roughly the same training loss as DmSGD.
However, as batch size grows to 16K, DecentLaM achieves
visibly smaller training loss than DmSGD. This observa-
tion illustrates that DecentLaM improves inconsistency bias
which can boost its convergence when batch-size is large.
For small-batch settings, DA-DmSGD and QG-DmSGD
can also achieve the best accuracy for some models.

Performance with different models. We now validate
whether DecentLaM is effective to different neural network
architectures. Table 4 compares the top-1 accuracy with
backbones widely-used in image classification tasks includ-
ing ResNet [18], MobileNetv2 [41] and EfficientNet [46].
The accuracy of PmSGD is slightly different from those re-
ported in [41, 46] because we do not utilize tricks such as
AutoAugment [11] that are orthogonal to our methods. It is
observed in Table 4 that either PmSGD + LARS or Decent-
LaM achieves best performance with large batch-size (16K)
across different models. However, DecentLaM has runtime
speedup due to its efficient neighborhood-communication.

7.2. Object Detection

We compared the aforementioned methods with well-
known detection models, e.g. Faster-RCNN [40] and Reti-
naNet [29] on popular PASCAL VOC [14] and COCO [30]
datasets. We adopt the MMDetection [8] framework as the
building blocks and utilize ResNet-50 with FPN [28] as
the backbone network. We choose mean Average Precision
(mAP) as the evaluation metric for both datesets. We used 8

DATASET PASCAL VOC COCO
MODEL R-NET F-RCNN R-NET F-RCNN

PMSGD 79.0 80.3 36.2 36.5
PMSGD+LARS 78.5 79.8 35.7 36.2

DMSGD 79.1 80.5 36.1 36.4
DA-DMSGD 79.0 80.5 36.4 37.0
DECENTLAM 79.3 80.7 36.6 37.1

Table 5. Comparision of aforementioned methods with different
models on PASCAL VOC and COCO datasets. R-Net and F-
RCNN refer to RetinaNet and Faster-RCNN respectively.

GPUs (which are connected by the symmetric exponential
topology) and set the total batch size as 256 in all detection
experiments. Table 5 shows the performance of each algo-
rithm. Compared with classification tasks, the total batch
size in object detection cannot be set too large (typical ob-
ject detection task sets batch size as 2 within each GPU).
For this reason, our proposed method just reaches a slightly
higher mAP than other methods.

8. Conclusion

We investigated the performance degradation in large-
batch DmSGD and proposed DecentLaM to remove the
momentum-incurred bias. Theoretically, we demonstrate
the convergence improvement in smooth convex and non-
convex scenarios. Empirically, experimental results of vari-
ous models and tasks validate our theoretical findings.
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