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Abstract
Large mini-batch parallel SGD is commonly used for distributed training of deep
networks. Approaches that use tightly-coupled exact distributed averaging based
on AllReduce are sensitive to slow nodes and high-latency communication. In this
work we show the applicability of Stochastic Gradient Push (SGP) for distributed
training. SGP uses a gossip algorithm called PushSum for approximate distributed
averaging, allowing for much more loosely coupled communications, which can be
beneficial in high-latency or high-variability systems. The tradeoff is that approximate distributed averaging injects additional noise in the gradient which can affect
the train and test accuracies. We prove that SGP converges to a stationary point
of smooth, non-convex objective functions. Furthermore, we validate empirically
the potential of SGP. For example, using 32 nodes with 8 GPUs per node to train
ResNet-50 on ImageNet, where nodes communicate over 10Gbps Ethernet, SGP
completes 90 epochs in around 1.6 hours while AllReduce SGD takes over 5 hours,
and the top-1 validation accuracy of SGP remains within 1.2% of that obtained
using AllReduce SGD.

1

Introduction

Deep Neural Networks (DNNs) are the state-of-the art machine learning approach in many application
areas, including image recognition [4] and natural language processing [15]. Stochastic Gradient
Descent (SGD) is the current workhorse for training neural networks. The algorithm optimizes
the network parameters, x, to minimize a loss function, f (·), through gradient descent, where
the loss function’s gradients are approximated using a subset of training examples (a mini-batch).
DNNs often require large amounts of training data and trainable parameters, necessitating non-trivial
computational requirements [16, 9]. There is a need for efficient methods to train DNNs in large-scale
computing environments.
A data-parallel version of SGD is often adopted for large-scale, distributed training [3, 7]. Worker
nodes compute local mini-batch gradients of the loss function on different subsets of the data and
then calculate an exact inter-node average gradient using either the A LL R EDUCE communication
primitive, in synchronous implementations [3], or using a central parameter server, in asynchronous
implementations [2]. Using a parameter server to aggregate gradients introduces a potential bottleneck
and a central point of failure [8]. The A LL R EDUCE primitive computes the exact average gradient at
all workers in a decentralized manner, avoiding issues associated with centralized communication
and computation.
However, exact averaging algorithms like A LL R EDUCE are not robust in high-latency or highvariability platforms, e.g., where the network bandwidth may be a significant bottleneck, because
they involve tightly-coupled, blocking communication (i.e., the call does not return until all nodes
have finished aggregating). Moreover, aggregating gradients across all the nodes in the network can
Preprint. Work in progress.

introduce non-trivial computational overhead when there are many nodes, or when the gradients
themselves are large. This issue motivates the investigation of a decentralized and inexact version of
SGD to reduce the overhead associated with distributed training.
Numerous decentralized optimization algorithms have been studied in the control-systems literature
that leverage consensus-based approaches for the computation of aggregate information; see the
survey [11] and references therein. Rather than exactly aggregating gradients (as with A LL R EDUCE),
this line of work uses less-coupled message passing algorithms that compute inexact distributed
averages.
Most previous work in this area has focused on theoretical convergence analysis assuming convex
objectives. Recent work has begun to investigate their applicability to large-scale training of DNNs [8,
5]. However, these papers study methods based on communication patterns which are static (the same
at every iteration) and symmetric (if i sends to j, then i must also receive from j before proceeding).
Such methods inherently require blocking communication overhead. State-of-the-art consensus
optimization methods build on the P USH S UM algorithm for approximate distributed averaging [6, 11],
which allows for non-blocking, time-varying, and directed (asymmetric) communication. Since SGD
already uses stochastic mini-batches, the hope is that an inexact average mini-batch will be as useful
as the exact one if the averaging error is sufficiently small relative to the variability in the gradient.
This paper studies the use of Stochastic Gradient Push (SGP), an algorithm blending SGD and
P USH S UM, for distributed training of deep neural networks. We provide a theoretical analysis of
SGP, showing it converges for smooth non-convex objectives. We also evaluate SGP experimentally,
training ResNets on ImageNet using up to 32 nodes, each with 8 GPUs (i.e., 256 GPUs in total).
Our main contributions are summarized as follows. We provide the first convergence analysis for
Stochastic Gradient Push when the objective function is smooth and non-convex. We show
for
 that,

√
an appropriate choice of the step size, SGP converges to a stationary point at a rate of O 1/ nK ,
where n is the number of nodes and K is the number of iterations. In a high-latency scenario, where
nodes communicate over 10Gbps Ethernet, SGP runs up to 3× faster than A LL R EDUCE SGD and
exhibits 88.6% scaling efficiency over the range from 4–32 nodes. The top-1 validation accuracy
of SGP matches that of A LL R EDUCE SGD for up to 8 nodes (64 GPUs), and remains within 1.2%
of A LL R EDUCE SGD for larger networks. In comparison to other decentralized consensus-based
approaches that require symmetric messaging, SGP runs faster and it produces models with better
validation accuracy.
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Preliminaries

Problem formulation. We consider the setting where a network of n nodes cooperates to solve the
stochastic consensus optimization problem
Pn
minxi ∈Rd ,i=1,...,n n1 i=1 Eξi ∼Di Fi (xi ; ξi )
(1)
subject to
xi = xj , ∀i, j = 1, . . . , n.
Each node has local data following a distribution Di , and the nodes wish to cooperate to find the
parameters x of a DNN that minimizes the average loss with respect to their data, where Fi is the loss
function at node i. Moreover, the goal codified in the constraints is for the nodes to reach agreement
(i.e., consensus) on the solution they report. We assume that nodes can locally evaluate stochastic
gradients ∇F (xi ; ξi ), ξi ∼ Di , but they must communicate to access information about the objective
functions at other nodes.
Distributed averaging. The problem described above encompasses distributed training based on
data parallelism. There a canonical approach is large mini-batch parallel stochastic gradient descent:
for an overall mini-batch of size nb, each node computes a local stochastic mini-batch gradient
using b samples, and then the nodes use the A LL R EDUCE communication primitive to compute the
average gradient
objective at node i, and
Pnat every node. Let fi (xi ) = Eξi ∼Di Fi (xi ; ξi ) denote theP
n
let f (x) = n1 i=1 fi (x) denote the overall objective. Since ∇f (x) = n1 i=1 ∇fi (x), averaging
gradients via A LL R EDUCE provides an exact stochastic gradient of f . Typical implementations of
A LL R EDUCE have each node send and receive 2 n−1
n B bytes, where B is the size (in bytes) of the
tensor being reduced, and involve 2 log2 (n) communication steps [13]. Moreover, A LL R EDUCE is a
2

Algorithm 1 Stochastic Gradient Push (SGP)
(0)

(0)

(0)

Require: Initialize γ > 0, xi = zi ∈ Rd and wi = 1 for all nodes i ∈ {1, 2, . . . , n}
1: for k = 0, 1, 2, · · · , K do at node i
(k)
2:
Sample new mini-batch ξi ∼ Di from local distribution
(k)
(k) (k)
3:
Compute a local stochastic mini-batch gradient at zi : ∇Fi (zi ; ξi )
4:
5:

6:
7:

(k+ 12 )

(k)

(k)

(k)

− γ∇Fi (zi ; ξi )
(k) (k+ 12 ) (k) (k) 
(k)
Send pj,i xi
, pj,i wi
to out-neighbors j ∈ Niout ;
1

(k)
(k) (k+ ) (k) (k)
from in-neighbors j ∈ Niin
receive pi,j xj 2 , pi,j wj
1
P
(k) (k+ )
(k+1)
xi
= j∈N in (k) pi,j xj 2
i
P
(k) (k)
(k+1)
wi
= j∈N in (k) pi,j wj
xi

= xi

i

(k+1)

8:
zi
9: end for

(k+1)

= xi

(k+1)

/wi

blocking primitive, meaning that no node will proceed with local computations until the primitive
returns.
Approximate distributed averaging. In this work we explore the alternative approach of using
a gossip algorithm for approximate distributed averaging—specifically, the P USH S UM algorithm.
(0)
Gossip algorithms typically use linear iterations for averaging. For example, let yi ∈ Rn be a
P
(0)
n
vector at node i, and consider the goal of computing the average vector n1 i=1 yi at all nodes.
Stack the initial vectors into a matrix Y (0) ∈ Rn×d with one row per node. Typical gossip iterations
have the form Y (k+1) = P (k) Y (k) where P (k) ∈ Rn×n is referred to as the mixing matrix. This
Pn
(k+1)
(k) (k)
corresponds to the update yi
= j=1 pi,j yj at node i. To implement this update, node i only
(k)

needs to receive messages from other nodes j for which pi,j 6= 0, so it will be appealing to use sparse
P (k) to reduce communications.
The P USH S UM algorithm only requires that P (k) be column-stochastic, and not necessarily symmetric
(so node i may send to node j, but not necessarily vice versa). Instead, one additional scalar parameter
(k)
(0)
wi is maintained at each node. The parameter is initialized to wi = 1 for all i, and updated
(k+1)
(k) (k)
using the same linear iteration, w
= P w . Consequently, the parameter converges to
(∞)
w(∞) = π(1> w(0) ), or wi
= πi n at node i, where π is the ergodic limit of the product of the
P (k) ’s. Thus each node can recover the average of the initial vectors by computing the de-biased
(∞)
(∞)
ratio yi /wi . In practice, we stop after a finite number of gossip iterations K and compute
(K)
(K)
yi /wi . The distance of the de-biased ratio to the exact average can be quantified in terms of
(k)
(k)
(k)
out (k)
properties of the matrices {P (k) }K−1
= {j : pj,i > 0} and Niin = {j : pi,j > 0}
k=0 . Let Ni
denote the sets of nodes that i transmits to and receives from, respectively, at iteration k. If we use
(k)
(k)
(k)
B bytes to represent the vector yi , then node i sends and receives Niout
B and Niin
B bytes,
(k)

respectively, per iteration. In our experiments we use graph sequences with Niout
or 2, and find that approximate averaging is both fast and still facilitates training.
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= Niin

(k)

=1

Stochastic Gradient Push

Algorithm description. The stochastic gradient push (SGP) method for solving (1) is obtained by
interleaving one local stochastic gradient descent update at each node with one iteration of P USH S UM.
(k)
Each node maintains three variables: the model parameters xi at node i, the scalar P USH S UM
(k)
(k)
(k) −1 (k)
(0)
(0)
weight wi , and the de-biased parameters zi = wi
xi . The initial xi and zi can be
(0)
(0)
initialized to any arbitrary value as long as xi = zi . Pseudocode is shown in Alg. 1. Each node
3

performs a local SGD step (lines 2–4) followed by one step of P USH S UM for approximate distributed
averaging (lines 5–8).
(k)

Note that the gradients are evaluated at the de-biased parameters zi in line 3, and they are then
(k)
used to update xi , the P USH S UM numerator, in line 4. All communication takes place in line 5,
and each message contains two parts, the P USH S UM numerator and denominator. In particular, node
(k)
i controls the values pj,i used to weight the values in messages it sends.
We are mainly interested in the case where the mixing matrices P (k) are sparse in order to have low
communication overhead. However, we point out that when the nodes’ initial values are identical,
(0)
(0)
xi = xj for all i, j ∈ [n], and every entry of P (k) is equal to 1/n, then SGP is mathematically
equivalent to parallel SGD using A LL R EDUCE.
Theoretical guarantees. SGP was first proposed and analyzed in [10] assuming the local objectives
fi (x) are strongly convex. Here we provide convergence results in the more general setting of smooth,
non-convex objectives. We make the following three assumptions:
1. (L-smooth) There exists a constant L > 0 such that k∇fi (x) − ∇fi (y)k ≤ Lkx − yk, or
equivalently fi (x) ≤ fi (y) + ∇fi (y)> (x − y) + L2 ky − xk2 . Note that this assumption implies
that function f (x) is also L-smooth.
2. (Bounded variance) There existPfinite positive constants σ 2 and ζ 2 such that Eξ∼Di k∇Fi (x; ξ) −
n
∇fi (x)k2 ≤ σ 2 ∀i, ∀x, and n1 i=1 k∇fi (x) − ∇f (x)k2 ≤ ζ 2 ∀x.
3. (Mixing connectivity) To each mixing matrix P (k) we can associate a graph with vertex set
(k)
{1, . . . , n} and edge set E (k) = {(i, j) : pi,j > 0}; i.e., with edges (i, j) from j to i if i receives
S(l+1)B−1 (k)
E is strongly
a message from j at iteration k. Assume that the graph with edge set k=lB
connected and has diameter at most ∆ for every l ≥ 0. To simplify the discussion, we assume that
every column of the mixing matrices P (k) has at most D non-zero entries.
Theorem
p 1. Suppose that Assumptions 1–3 hold, and run SGP for K iterations with step-size
γ = n/K. Let f ∗ = minx f (x) and assume that f ∗ > −∞. There exist constants C > 0 and
q ∈ (0, 1) which depend on B, n, and ∆ such that if the total number of iterations K is sufficiently
large. Then


K−1 n
1
1
1
1 XX
2
E ∇f (zik ) ≤ O √
+
+ 3/2
nK
K
K
nK
k=0 i=1
A more detailed statement of the theorem, along with proofs, are provided in the extended version
of this paper [1]. There we give a precise expression for how large is sufficiently large, regarding
the number of iterations K, and we also give a detailed expression, showing the constants which
are buried in the O above. Generally speaking, the number of iterations needs to be large enough
to ensure that the SGP has time to diffuse information across the network (roughly speaking, K
should be at least proportional to n). This is reasonable for training DNNs, where the number of
iterations (not just epochs) is typically much larger than the number of nodes used for training. In
short, our theoretical result shows that the magnitude of the√gradient at every worker’s version of
model becomes arbitrarily small as K increases. The O(1/ nK) term dominates asymptotically,
and thus, to drive the error to O() we need K = Ω( n12 ) iterations; in otherwise, theoretically we
2

obtain a linear speedup. In the extended version we also show that the quantity xki − xk obeys a
Pn
similar bound, where xk = n1 i=1 xki . Thus, as K increases, the values at each node also remain
close.
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Experiments

Next, we compare SGP with A LL R EDUCE SGD, and D-PSGD [8], an approximate distributed averaging baseline relying on doubly-stochastic gossip. We run experiments on a large-scale distributed
computing environment using up to 256 GPUs. Our results show that when communication is the
bottleneck, SGP is faster than both SGD and D-PSGD. SGP also outperforms D-PSGD in terms of
4
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Figure 1: Results on Ethernet 10Gbits. (a): Validation performance w.r.t. training time (in seconds)
for model trained on 4 and 32 nodes. (b): Average time per training iteration (in seconds) (c): Best
validation accuracy. Stochastic Gradient Push (SGP) is faster than both Decentralized-Parallel SGD
(D-PSGD) and A LL R EDUCE SGD while decreasing validation accuracy by 1.2%.

validation accuracy, while achieving a slightly worse accuracy compared to SGD when using a large
number of compute nodes.
We run experiments on 32 DGX-1 GPU servers in a high-performance computing cluster. Each server
contains eight NVIDIA Volta V100 GPUs. Nodes communicate over a 10 Gbit/s Ethernet network.
To investigate how each algorithm scales, we run experiments with 4, 8, 16, and 32 nodes (i.e., 32,
64, 128, and 256 GPUs).
We adopt the 1000-way ImageNet classification task [14] as our experimental benchmark. We train
a ResNet-50 [4] following the experimental protocol of [3], using the same hyperparameters with
the exception of the learning rate schedule in the 32 node experiment for SGP and D-PSGD. In the
experiments, we also modify SGP to use Nesterov momentum. In our default implementation of SGP,
each node sends and receives to one other node at each iteration, and this destination changes from
one iteration to the next. Please refer to [1] for more implementation details.
All algorithms are implemented in PyTorch v0.5 [12]. To leverage the highly efficient NVLink
interconnect within each server, we treat each DGX-1 as one node in all of our experiments. In our
implementation of SGP, each node computes a local mini-batch in parallel using all eight GPUs using
a local A LL R EDUCE, which is efficiently implemented via the NVIDIA Collective Communications
Library. Then inter-node averaging is accomplished using P USH S UM either over Ethernet.
4.1

Evaluation on High-Latency Interconnect

We consider the high-latency scenario where nodes communicate over 10Gbit/s Ethernet. With a
local mini-batch size of 256 samples per node (32 samples per GPU), a single Volta DGX-1 server
can perform roughly 4.384 mini-batches per second. Since the ResNet-50 model size is roughly
100MBytes, transmitting one copy of the model per iteration requires 3.5 Gbit/s. Thus in the highlatency scenario the problem, if a single 10 Gbit/s link must carry the traffic between more than two
pairs of nodes, then communication clearly becomes a bottleneck.
Figure 1 (a) shows the validation curves when training on 4 and 32 nodes.For any number of nodes
used in our experiments, we observe that SGP consistently outperforms D-PSGD and A LL R EDUCE
SGD in terms of total training time in this scenario. In particular for 32 nodes, SGP training time
takes less than 1.6 hours while D-PSGD and A LL R EDUCE SGD require roughly 2.6 and 5.1 hours.
Figure 1 (b) shows the average time per iteration for the different training runs. As we increase the
number of nodes, the average iteration time stays almost constant for SGP and D-PSGD, while we
observe a significant time-increase in the case of A LL R EDUCE SGD, resulting in an overall slower
training time. Moreover, although D-SGD and SGP both exhibit strong scaling, SGP is roughly
200ms faster per iteration, supporting the claim that it involves less communication overhead.
Figure 1 (c) reports the best validation accuracy for the different training runs. While they all start
around the same value, the accuracy of D-PSGD and SGP decreases as we increase the number of
nodes. In the case of SGP, we see its performance decrease by 1.2% relative to SGD on 32 nodes. We
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Figure 2: Comparison of SGP using a communication graph with 1-neighbor, SGP using a graph
with 2-neighbors, D-PSGD and SGD on 32 nodes communicating over 10 Gbit/s Ethernet. Using one
additional neighbor improves the validation performance of SGD (from 75.0 to 75.4) while retaining
most of the computational benefits.

hypothesize that this decrease is due to the noise introduced by approximate distributed averaging.
We will see below than changing the connectivity between the nodes can ameliorate this issue. We
also note that the SGP validation accuracy is better than D-PSGD for larger networks.
In the extended version [1], we report additional experiments on a low-latency Infiniband interconnect.
There, the per-iteration time of SGP scales essentially as well as AllReduce, but the accuracy of SGP
is still degraded for larger numbers of nodes, so AllReduce SGD remains the preferred choice for
parallel optimization in low-latency settings.
4.2

Impact of Graph Topology

Next we investigate the impact of the communication graph topology on the SGP validation performance using Ethernet 10Gbit/s. In the limit of a fully-connected communication graph, SGD and SGP
are strictly equivalent (see section 3). By increasing the number of neighbors in the graph, we expect
the accuracy of SGP to improve (approximate averages are more accurate) but the communication
time required for training will increase.
In figure 2, we compare the training and validation accuracy for SGP using a communication graph
with 1-neighbor and 2-neighbors with D-PSGD and SGD on 32 nodes. By increasing the number of
neighbors to two, SGP achieves better training/validation accuracy (from 74.8/75.0 to 75.6/75.4) and
gets closer to final validation achieves by SGD (77.0/76.2). Increasing the number of neighbors also
to increases the communication, hence the overall training time. SGP with 2 neighbors completes
training in 2.1 hours and its average time per iteration increases by 27% relative to SGP with one
neighbor. Nevertheless, SGP 2-neighbors is still faster than SGD and D-PSGD, while achieving
better accuracy than SGP 1-neighbor.

5

Conclusion

DNN training often necessitates non-trivial computational requirements leveraging distributed computing resources. Traditional parallel versions of SGD use exact averaging algorithms to parallelize
the computation between nodes, and induce additional parallelization overhead as the model and
network sizes grow. This paper proposes the use of Stochastic Gradient Push for distributed deep
learning. The proposed method computes in-exact averages at each iteration in order to improve
scaling efficiency and reduce
dependency
on the underlying network topology. SGP converges to
 the

√
a stationary point at an O 1/ nK rate in the smooth and non-convex case, and provably achieves
a linear speedup (in iterations) with respect to the number of nodes. Empirical results show that
SGP can be up to 3× times faster than traditional A LL R EDUCE SGD over high-latency interconnect,
matches the top-1 validation accuracy up to 8 nodes (64GPUs), and remains within 1.2% top-1
validation accuracy for larger-networks.
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