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ABSTRACT

1-bit gradient compression and local steps are two representative techniques that
enable drastic communication reduction in distributed SGD. Their benefits, however,
remain an open question on Adam-based large model pre-training (e.g. BERT
and GPT). In this paper, we demonstrate the non-linearity in Adam causes slow
convergence even when 1-bit compression or local steps are individually applied.
To alleviate this limitation, we propose 0/1 Adam that linearizes each Adam step via
approximating its optimizer states using their stale estimates and linear correlation.
0/1 Adam performs an Adam-like step to preserve the adaptivity, while its linearity
allows utilizing 1-bit compression and local steps simultaneously for wall-clock
time speed up. We provide convergence guarantee for 0/1 Adam on smooth
non-convex objectives. On various large-scale benchmarks such as BERT-Base,
BERT-Large, GPT-2 pre-training and ImageNet, we demonstrate on up to 128 GPUs
that 0/1 Adam is able to reduce up to 87% of data volume, 54% of communication
rounds, and achieve up to 2 higher training throughput and end-to-end training
time reduction compared to the state-of-the-art baseline 1-bit Adam; while enjoying
the same statistical convergence speed and end task model accuracy on GLUE
dataset and ImageNet validation set.

1 INTRODUCTION

Over the past few years, we have witnessed outstanding performance of foundation models on many ap-
plications. However, these models, including BERT|Devlin et al.|(2018]) and GPTRadford et al.|(2019a);
Brown et al.|(2020), usually have hundreds of millions or even billions of parameters and require to be
trained on massive GPUs. For example, the largest dense transformer model, 530B MT-NLG|Smith et al.
(2022)), was trained over 4000 GPUs in more than a month. At this scale, the expensive communication
overhead across computing processors and servers hinders the scalability (Alistarh et al.| 2017)).

1-bit gradient compression and local steps are two representative methods to mitigate the commu-
nication bottleneck. 1-bit compression drastically reduces the communication volume by quantizing
each value in gradients with ultra-low bits (i.e., as low as 1 bit) Seide et al.| (2014); Bernstein et al.
(2018al)); and local steps alternatively saves the bandwidth by periodically skipping communication
rounds(Stich, |2018). While these techniques demonstrate tremendous success on distributed SGD,
their benefits over large-scale Adam-based model training, such as for BERT and GPT pre-training,
remains an open question (Kingma and Bal[2014;|Wang et al.| | 2019a). Comparing to SGD where the
model parameters are linearly dependent on the gradients, the non-linearity in Adam updates (Kingma
and Bal,2014) limits the direct usage of compression or local steps. In particular, this non-linearity
incurs two challenges: 1) when aggressively compressing the gradient such as with 1-bit quantizer,
all the coordinate-wise effect learning rate will become the same value, so that Adam no longer enjoys
adaptive and fast convergence; 2) to ensure all parallel workers reach consensus on the optimizer
states, which is critical for convergence, the existence of non-linearity incurs the overhead of iteratively
synchronizing the states when using local steps.

Tang et al.|(2021)) undertook the first investigation of fixing this non-linearity towards compression
and proposed 1-bit Adam. The algorithm follows a two-stage training paradigm: first run Adam

*This work was done during Yucheng Lu’s internship at Microsoft. Contact: y12967@cornell.edu.
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with full-precision communication (full-precision stageﬂ); and then switch to 1 bit when the variance
becomes stable (compression stage). While this paradigm avoids compressing non-linear information
with a one-time frozen variance, the experimental results from (Tang et al., 2021} indicate the full-
precision stage still incurs non-trivial overhead. Furthermore, 1-bit Adam is restricted in the scope of
gradient compression, and cannot be trivially adapted when other techniques are used, such as local
steps. Besides, the empirical success of (Tang et al.| 2021)) was not substantiated on GPT-style models,
for instance, 175B GPT-3|Brown et al.|(2020)), 530B MT-NLG|Smith et al.|(2022)), etc.

In this paper, we address this gap by proposing 0/1 Adam. 0/1 Adam breaks the barrier of non-linearity
from two aspects: first it adaptively freezes variance, so that given agreement on a stale variance
state, the parallel workers only need to communicate momentum that is linearly dependent on the
model update; This technique allows reducing the previous two-stage compression scheme to a unified
single stage; 2) it leverages the insight that in adjacent Adam steps, the changes to optimizer states are
generally bounded, so that with frozen variance, parallel workers can linearly approximate momentum
and parameter updates locally without additional synchronization. This further pushes the limit of
communication reduction towards its extreme, achieving the state-of-the-art speed up for large-scale
model training. To summarize, our contributions are as follows:

* We propose 0/1 Adam, which addresses the limitations of previously proposed 1-bit Adam when
applying aggressive 1-bit quantization and local steps (Section[d)).

* We provide convergence guarantee of 0/1 Adam on smooth and non-convex objectives (Section[3).

* We conduct experiments on a wide range of large-scale model training tasks, including BERT-Base,
BERT-Large, GPT-2 pre-training and ImageNet. We demonstrate on up to 128 GPUs that 0/1 Adam
is able to reduce up to 87% of data volume, 54% of communication rounds, and achieve up to 2 x
higher throughput and training time reduction compared to the state-of-the-art 1-bit Adam without
compromising end-to-end model accuracy (Section6)).

* The 0/1 Adam optimizer and corresponding experimental scripts (e.g. BERT pre-training and GLUE
finetuning) have been open sourced in a deep learning optimization library called DeepSpeecﬂ

2 RELATED WORK

Communication-efficient training. There has been various lines of research focusing on improving
communication efficiency in large-scale training, such as using asynchrony (Niu et al.,|2011;Lian et al.
2015} Xie et al.,[2020)), decentralization (Lian et al.,[2017;Lu and De Sal|2021)), gradient quantization
(Alistarh et al.,[2017;Wen et al., 2017, gradient sparsification (Wangni et al.,2017;Wang et al.,2018a)),
local steps (Stich,|2018; |[Lin et al.,[2018), etc. In this paper we study the aggressive 1-bit compression,
which was first introduced in (Seide et al.,|2014) to speed up speech model training, where an algorithm
called 1-bit SGD is proposed. After that,|Wen et al.|(2017) proposes adding 0 as an additional numerical
level and|Liu et al.| (2018)) discusses the use of zero-th order oracle in 1-bit SGD.|Chen et al.| (2019al);
Balles and Hennig|(2018)); [ Xu and Kamilov|(2019) study the correlation and combination between
1-bit SGD and other techniques. Convergence analysis on 1-bit SGD is given in (Bernstein et al.,[2018a;
Karimireddy et al.,[2019;|Safaryan and Richtarik} [2021)). Bernstein et al.|(2018b); Sohn et al.|(2019);
Le Phong and Phuong| (2020); [Lyu| (2021) investigate the robustness of 1-bit SGD. Among all the
variants of 1-bit communication, the design with error feedback mechanism has shown to work best
both empirically (Seide et al.,|2014) and theoretically (Karimireddy et al.,2019). Other lines of research
applies 1-bit communication to various scenarios such as federated learning (Jin et al., 20205 |Yue et al.|
2021)), decentralized learning (Lu and De Sa,[2020;|Koloskova et al.| 2019)), meta learning (Fan et al.,
2021]), etc. Perhaps the closest works to this paper are (Tang et al.|[2021; L1 et al.,|202 1 a)), which propose
using two-stage training to enable 1-bit Adam and 1-bit Lamb, respectively. Different from those
two work, 0/1 Adam addresses non-linearity challenges in adaptive optimizers by considering both
extreme quantization and local steps. Furthermore, we also study how to apply extreme communication
compression on GPT-style models, which to the best our knowledge is still under-explored.

Adaptive learning rate optimizers. One of the most popular adaptive optimizers is Adam, which
was first introduced in (Kingma and Ba,,[2014)). It uses both first and second moment information of
stochastic gradient to perform optimizer steps and has shown significant benefits on training deep

'In the original 1-bit Adam paper, this stage is referred to as warmup stage. We use a slightly different term
to avoid confusion with learning rate warmup.
Zhttps://github.com/microsoft/DeepSpeed
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Figure 1: Momentum and variance Profiling for BERT-Large sequence 128 pretraining with original
Adam using 64 GPUs. For variance, we profile two types of metrics: the first is the difference between
local and global variance: ||1Jt(0) —wv¢||, where v§°> and v; denotes the variance term computed via local
gradient on worker-0 and the gradient from full-precision AllReduce, respectively. We also profile
the variance difference in adjacent step ||v; —v;—1||. Similarly, we profile the same two metrics for
the momentum.

learning models. [Reddi et al.[(2019)) spots the issue of Adam convergence and provides a variant
called AMSGrad while|Zaheer et al.[(2018) argues the Adam only converges with large batch sizes.
Multiple lines of theoretical study on Adam are given in (Fang and Klabjan, 2019;|Alacaoglu et al.|
2020; Défossez et al.,[2020). Additionally, Chen et al.[(2018));|Zhou et al.|(2018a);|Lu et al.| (2020);
Danilova et al.| (2020); [Zou et al.| (2019) provide more general analysis on Adam-type optimizers.
Subsequently, other variants of Adam are proposed in (Luo et al.,2019;|Chen et al.,2019bj; Huang
et al.,[2018;|Wang et al.,2019b}; Zhou et al.| 2018b; Zhuang et al.,[2021;|2020). Unlike these methods,
which focus on improving the convergence of generic optimizations for DNN models, our work studies
how to maximize the communication efficiency of Adam in large-scale distributed training settings.

3 A CLOSER LOOK AT NON-LINEARITY IN ADAM

In this section, we provide a more formal description on the problem setting and illustrate the
limitations from the original Adam and the state-of-the-art 1-bit Adam (Tang et al.,[2021).

Problem Formulation. In this paper, we consider the following optimization problem:
Helﬁ}if(fﬁ)ZE@Df(%C)- )]

where x denotes the d-dimensional model. D denotes the training set and f(x;() is the loss incurred
over sample ¢ given model parameters . The structure of the problem naturally captures many of
the model training problems.

The non-linearity in Adam. At step ¢ >0, denote x; and g, as the model parameters and stochastic
gradient computed at step ¢, respectively. The update formula of SGD and Adanﬂcan be summarized as:

SGD update: x;41 <—x;—7g;. 2)
Adam update: m; 1 < S1me+(1—51)gy,

Vi1 Bove+(1—B2)(g0)?,

g
: 3
\/ﬁ my, ( )
—_——

effective learning rate
where 7 is the learning rate, € is a small constant to prevent zero division, $; and 35 are tunable
decaying factors. The linearity in SGD update implies when using compression or local steps, the
potential noise from (accumulated) gradients is in the order of O(+y), which approaches zero when
learning rate is decaying or set to be small. By comparison, the two auxiliary optimizer states in Adam,
momentum (m) and variance (v), introduce non-linearity in the model update.

Tpyp1 < Tp—

Equation (3) gives the formula of Adam when running it sequentially. In a distributed setting with
n workers, g; in Equation (3)) is often computed in parallel on different workers. Mathematically, if

we denote ggl) as the stochastic gradient computed on the ¢-th worker at step ¢, then distributed Adam

3Note that in Adam, operations like division should act element-wise.



Published as a conference paper at ICLR 2023

can be written as replacing g¢ with 1/n> ", gf) in Equation (3) as follows:
n . n AN\ 2
My < frmy+(1—51) (1/”21.:19?)) s Vi1 4= Povi+(1—2) (1/7122,:19:51)) :

Issue with non-linearity on 1-bit compression. The main bottleneck in running distributed Adam
is the accumulation of 1/n>""" ggl) since the gradients are usually high-dimensional. Based on the
profiling results from (Tang et al.,2021;|Li et al.,[2021a), the communication of gradients could take
up to 94% of the total training time on modern clusters. Gradient compression mitigates this issue by
sending and averaging gradients with fewer bits. However, in Adam this causes the loss on the learning
rate adaptivity. Consider using the aggressive 1-bit compression (Liu et al.,[2018)), which sends each
gradient with only signs and a shared, usually the average over all the coordinates, magnitude. More
specifically, denote C[-] as the 1-bit compression, then

Cla]= @osign(a),VaeRd. “4)
It is straightforward to observe that naively applying 1 bit to compress gradients in the original Adam
loses coordinate-wise adaptivity since sharing magnitude makes all the coordinates-wise learning
rate y/+/v; +¢ the same value. This makes Adam no difference than momentum SGD.

Issue with non-linearity on local steps. In SGD (Equation (2)), the model updates are linearly
dependent on the gradients and has zero additional states. It implies with local steps, the parallel
workers can entirely reach consensus after a single round of synchronization, even with compression
(Basu et al.,[2020). However, in Adam simply synchronizing the model can still leave the momentum
and variance out-of-sync. This makes parallel workers fail to capture the global adaptivity when the
system scales up. To give a more concrete example, we profile a full run of BERT-Large pre-training
with original Adam, and summarize different metrics of momentum and variance in Figure[I] As
shown in Figure[I(d)|and[I(D)] the difference between local and global optimizer states, momentum
and variance, remain constants and do not decrease to zero.

1-bit Adam and its limitations. 1-bit Adam (Tang et al.,[2021) is a state-of-the-art solution that
addresses non-linearity in 1-bit compression. 1-bit Adam adopts a pre-conditioned variance state from
running original Adam for 7 steps first. The intuition there is that at later stage of training, the variance
state becomes stable so that v, can be a good approximation of variance state for the remaining steps.
As paritally illustrated in Section[I] the full-precision stage of 1-bit Adam still presents non-trivial
overhead. For instance: as illustrated in (Tang et al., 202 1)), when training BERT-Large on 64 GPUs
using Ethernet, while the full-precision stage contains 15% of the total steps, it can take more than
50% of the entire training in terms of the wall-clock timeﬂ Additionally, 1-bit Adam is restricted in
the scope of compression, how it handles other techniques such as local steps remains open question.

4 0/1 ApAM

In this section, we give the full description of 0/1 Adam. To maximize the communication efficiency,
ideally we want an algorithm that enables adaptive convergence like Adam, while allowing aggressive
compression (e.g. 1 bit) and requires no additional synchronization on the optimizer states when using
local steps. 0/1 Adam solves this problem from two aspects.

Adaptive Variance Freezing. To begin with, 0/1 Adam creates a linear environment that freezes
the variance adaptively. The intuition is leveraged from the observation in Figure[I(a)} the change of
variance over steps in Adam is generally smooth. While 1-bit Adam captures a reasonable variance
estimate via one-time freezing, it is reasonable to also presume that before its freezing point, the variance
within several adjacent steps will stay close due to its smoothness. This motivates us to extend the
one-time freezing policy in 1-bit Adam into an adaptive one, by letting workers agree upon the freezing
points from a given step index set T, C {0,---,7'—1}. The frozen variance creates multiple intervals
over training, during which the workers have agreement on the denominator (Equation (3))) and the only
uncertainty is then left in the nominator that is linearly dependent on the model update, just like SGD.

4Concretely, it shows in (Tang et al.,2021) Section 7.1 that to train BERT-Large on 64 GPUs using Ethernet,
the full-precision Adam takes 174.3 hours in total while 1-bit Adam takes 51.5 hours. By a simple calculation,
we know that full-precision stage of 1-bit Adam takes approximately 26.37 hours while the compression stage
takes 25.13 hours.
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Algorithm 1 Proposed 0/1 Adam Algorithm

Require: local model on the i-th node mo , learning rate {7: }7—1, mo = 0, vo = 0, auxrllary buffer ug =0,
total number of iterations 7', decaying factor §1, 82 from Adam, numerical constant ¢, variance update step
index set 7, synchronization step index set 7, the most recent step with synchronization ¢’ =0.

: fort=0,---,T—1do

Compute local stochastic gradient g( ).

Ly =pm+ (161"
Update model: m(> =z ( -Vt mm/«/vﬂre.
()

Update momentum: 1m

if t € 7., then

Perform 1-bit AllReduce: @, , 1 = Ibit-AllReduce (u: s )
T2

1

2

3

4

5: Update buffer: 'u,H) =u, )—l—fy m;
6

7

8 Approximate momentum with compressed buffer: mgl =L /i Ve
9

Update model with compressed buffer: szl = mt, —uth 1 /\/'vt +e.

10: Reset the auxiliary buffer: uEQI =0.
11: Update the synchronization step: ¢’ =t.
12: else() (%) (%) (%) (4) (%)
7 1 1 7 1 2
13: wt+1:w+1,mt+1—m+1,ut+1:ut+1
14: end if
15: ift €7, then
16: Perform full-precision AllReduce: g, = AllReduce (g(z)).
17: Update the variance: v¢41 = Bov:+(1— 52)(%) .
18: else
19: Use the stale variance for the next iteration: v;41 =v.
20: end if
21: end for

22: return xr.

Including 1-bit Compression and Local Steps. With frozen variance, we make another observation
based on Equation (3) that the model difference on workers will be linearly dependent to the momentum.
So that, the momentum can be approximated locally rather than synchronized additionally based on
the communicated model difference, given the premise that the change of momentum is not abrupt

within close steps. Formally, denote a:(L) ,E’” () a5 the model, momentum, variance on worker

1 at step ¢, respectively. Suppose all the workers are synchronrzed at step ¢/, then with frozen variance
v over all the workers,

(L) Z e t,’Ykm(i) Actual sent tensors in the communication.

mgz:ww—”n&"t
v+e

Sync model parameters with the sent tensors.

Approximate momentum via linear estimates via sent tensor.

where we omit the compression part for brevity. Combined with compression, we provide the full
description of 0/1 Adanﬂ in Algorlthml 1| Note that here we defer the details of 1-bit compression
to Appendix [Al and treat it as a black-box procedure named 1bit-AllReduce while the original
full-precision AllReduce is referred to as AllReduce.

We also remark that although both techniques appear to be natural, to the best of our knowledge, we
are the first to apply them to addressing the non-linearity challenges in 1-bit compression and local
steps for maximizing the communication efficiency of Adam optimizer.

The name comes from the fact that the algorithm can potentially reduce the per-parameter volume to some
number between 0 and 1 bit on average.
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5 CONVERGENCE ANALYSIS

In this section, we provide the convergence guarantee for 0/1 Adam (Algorithm|l) under arbitrary
freezing policy 7, and local steps policy 7. In the main paper, we provides the convergence rate
in the general case. However, different 7T, or 7, gives us the opportunity to obtain tighter bounds.
We leave these discussion in the appendix. We start by making the following assumptions.

Assumption 1. Lipschitzian gradient: f(-) is assumed to be with L-Lipschitzian gradients, which
means |V f(x)=V f(y)|| < Ll|lz—yl Ve, vy.

Assumption 2. Bounded variance: The stochastic gradient computed on each worker is unbiased
and has bounded variance:Eq.p ||V f(x;() -V f(z)||* <o?, V.

Assumption 3. Bounded gradient: The infinity norm of stochastic gradient is bounded by a constant
Goo >0 suchthat ||g: || < Goo,Vt.

Assumption 4. Compression error in Algorithm ' For arbitrary x € R%, there exists a constant
A, such that the output of compressor C|] has the following error bound: E||C[x] —x||> < A2,

Assumption 5. Given ordered set T, denote t; as the j-th element in T, we assume there exists
a constant H >0, it holds that max, < |7, (tj+1—1t;) < H.

Remarks on the assumptions. Assumption [T} 2]and [3|are standard in the domain of non-convex
optimization. Comparing with the 1-bit Adam paper (Tang et al., 2021)), we do not explicitly assume
the uniform lower bound on the variance coordinate, i.e., e J' U > Upmin > 0,V for some constant vy, .
Instead we assume an infinity-norm bound on the gradient as in Assumption[3|which is more realistic.
Assumptionis also assumed in (Tang et al.,|2021)), in the appendix we discuss the variant of 0/1
Adam that converges with weaker condition on the C.

The convergence for Algorithm(T]is then given in the follow theorem.

Theorem 1. Under Assumption [I| to E] let m = |Tyl|, select 1, B2 € [0, 1) that fulfills
m <log(1—p1)/log(B2), if we run Algorithm[I|\with a constant learning rate: for all t>0

. n 1 2{/G% +e 1
=min _
B PT AL JGte L 6

o H2A?(m+n) 1)

then it holds that

T—1
1
ZEIVf(amIIQsO( + e
T £ JnT T T

where &, = 1/n2?:1wgi) and we omit f(0)—inf cpa f(2), Goo, d, € B1, B2 and L as constants.

Theorem (I shows that 0/1 Adam Algorithm [I] essentially admits the same convergence rate as

distributed SGD in the sense that it achieves linear speed up, at rate 1/O(v/nT). The effect of
compression (A) and local steps (H) only appears on a non-dominating term.

6 EXPERIMENTS

In this section we evaluate the performance of 0/1 Adam over several large-scale model training tasks
comparing with baselines (1-bit Adam (Tang et al.}|202 1)) and original Adam (Kingma and Bal [2014)).
Since[Tang et al.|(202 1) already demonstrated that 1-bit Adam has similar statistical results to Adam, we
omit the comparison of end-to-end model accuracy to Adam for brevity. Throughout the experiments,
we enable FP16 training for all the tasks following (Tang et al.,2021)). That makes the full-precision
communication (including Adam, full-precision stage in 1-bit Adam and full-precision AllReduce
in 0/1 Adam) use 16-bit per number. We use the 1-bit compressor (Equation (@) in 0/1 Adam.

Experimental details. We adopt the following tasks for the evaluation: BERT-Base (L =12, H =768,
A =12, 110M params) and BERT-Large (L =24, H =1024, A =16, 340 M params) pre-training,
training Resnet18 (12 params) on ImageNet (He et al.,[2016) and GPT-2 pre-training. For BERT
model, we use the same dataset as (Devlin et al., |2018)), which is a concatenation of Wikipedia and
BooksCorpus with 2.5B and 800M words respectively. We use the GLUE fine-tuning benchmark (Wang
et al.||2018b) to evaluate the convergence of the BERT models trained by different algorithms. For
ImageNet, we adopt ImageNet-1k dataset, which contains 1.28M images for training and 50K images
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Figure 2: Sample-wise and time-wise convergence for BERT-Base/Large pre-training sequence length
128 and Resnet18 pretraining on ImageNet using 128 GPUs on the Ethernet cluster. Note that the
time on the right side is measured on both algorithms processing the same number of samples.
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Figure 3: End-to-end average throughput for BERT-Base/Large pre-training sequence length 128
and Resnet18 pretraining on ImageNet using 128 V100 GPUs on the Ethernet/InfiniBand cluster. Note
that since for ImageNet, both batch size (256) and model (Resnet18) are small compared to BERT,
and its parallelism speed up will be limited if applied to the same large system on BERT (128 GPUs).
And so we test it for 4 to 32 GPUs in Figure (d).

for validation (Deng et al.,[2009). For GPT-2 we adopt the model from its original paper (Radford et al.}
2019b), which contains 117M parameters (48 layers, 1600 hidden size, 25 attention heads). For training
data, we adopt the same dataset blend as in (Shoeybi et al.,[2019): Wikipedia (Devlin et al.| [2018]),
CC-Stories (Trinh and Lel [2018)), RealNews (Zellers et al.,[2019), and OpenWebtext (Radford et al.,
2019D). Other details including learning rate schedules, hyperparameters can be found in Appendix|C|

Hardware. We evaluate two clusters: one with 4 NVIDIA V100 GPUs per node and 40 Gigabit
Ethernet inter-node network (2.7 Gbps effective bandwidth); the other one with 8 V100 GPUs per node
and 100 Gigabit InfiniBand EDR inter-node network (close to theoretical peak effective bandwidth).
We use 4 to 128 GPUs for BERT and ImageNet pretraining tasks to measure 0/1 Adam’s performance
gain. We use 64 GPUs for GPT-2 pre-training. Additionally, for ImageNet training we apply the
accelerated data loading technique from Imd

Policy for 7, and 7,, in 0/1 Adam. We first illustrate our policy on 7,,. Observing from our motivation
study (Figure[I) that the variance difference in adjacent steps decreases roughly exponentially. Denote
k; as the step where j-th variance update takes place, we select 7, such that, k1 —k; =2 Li/®] Wk > 0.
We adopt x =16 for all the three tasks.

®https://github.com/xunge/pytorch_lmdb_imagenet
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Table 1: GLUE development set results. BERT-Base/Large(original) results are from (Devlin et al.,
2018). BERT-Base/Large(Adam and 1-bit Adam) results are from (Tang et al.,|2021)). The scores
are the median scores over 10 runs with different seeds, and are obtained on the checkpoints trained
by both sequence 128 and sequence 512 datasets.
RTE MRPC STS-B CoLA SST-2 QNLI QQP MNLI-(m/mm) Avg
BERT-Base(Original) 66.4 84.8 85.8 521 935 90.5 89.2 84.6/834  8l.1
BERT-Base(Adam) 68.2 84.8 85.1 568 91.8 909 909  83.6/83.5 81.8
BERT-Base(1-bit Adam) 69.0 84.8 83.6 556 91.6 90.8 909  83.6/839 815
BERT-Base(0/1 Adam) 69.7 85.1 849 544 919 903 90.7 83.7/83.7 81.6
BERT-Large(Original)  70.1 854 86.5 60.5 949 927 8.3  86.7/859 83.6
BERT-Large(Adam) 70.3 86.0 869 603 93.1 922 914 86.1/86.2 83.6
BERT-Large(1-bit Adam) 70.4 86.1 86.1 62.0 938 919 915 85.7/854 83.7
BERT-Large(0/1 Adam) 71.7 862 869 599 932 916 914 85.6/85.6 83.6

Table 2: The first column shows Top1 accuracy on ImageNet of Resnet at the end of epoch 90 from differ-
ent algorithms. The original accuracy is provided by Pytorch pretrained model library (Pytorchl2014).
For the other two algorithms, the accuracy is the highest score over 3 runs. The other two columns shows
zero-shot evaluation of the trained GPT-2 on WikiText-103 and LAMBADA datasets, the evaluation
methodology follows (Shoeybi et al.,[2019). The number for Adam is obtained from (Li et al.,[2021b).
ImageNet Topl Acc. T WikiText Perplexity | LAMBADA Acc.

Original Adam 69.76 27.78 33.19
1-bit Adam 69.93 28.37 33.21
0/1 Adam 69.88 28.07 33.51

Then we move on to discuss the policy for 7,,. Based on the derivation in Section[4} the approximation
noise from local step is proportional to the learning rate. And so if we denote ¢; as the step where j-th
synchronization takes place, then our intuition is to increase ¢ ;1 —¢; roughly inversely proportional to
the learning rate at ¢ ; so as to make the approximation noise bounded. For BERT-Base/Large pretraining,
as illustrated before, the learning rate exponentially decreases by 0.99 every 520 steps after 12.5K linear
increase warmup steps. So that we set t; 1 —1t; =1 for the first 12.5K steps and after that let it multiply
by 2 every 32678 steps based on the calculation that the learning rate will decrease by half. Similarly,
for ImageNet we set ;1 —t; = 1 for the first 50050 steps (10 epochs) and after that let it multiply by 2
every 50050 steps (10 epochs). We clip the interval at 16 in all the tasks. This corresponds to H =16 in
Assumption[5]Finally, since our theory in Section[5]indicates that approximation will be more accurate
when the variance is frozen. So that we additionally stop updating variance when ¢;; —t; > 1.

Remarks on the selected policy. As described, the policies for 7T, and 7T,, generally follow the
learning rate schedule adopted. This is favored in practice for three reasons: (1) It does not require too
much hyperparameter tuning. Consider adopting a constant or decaying policy based on some utility
function, capturing the dynamics of the training to reach a useful interval would require tedious search-
ing on the hyperparameters and retraining; (2) Learning rate policy is well-motivated. As naturally,
communication is a way of eliminating the difference among workers. If workers adopt a larger learning
rate, more frequent communication will be needed since the workers are taking large steps in the weight
space and so we require higher-frequent communication for them to reach consensus; (3) Learning rate
schedule is universally used in all the ML/DL applications, and thus the method can be easily adapted
to other applications. In fact, if we consider the scope of large model training, a typical learning rate
schedule is a linear warm-up followed by a decaying phase, which is very similar to our test cases here.

6.1 CONVERGENCE SPEED AND QUALITY ANALYSIS

Figure 2] presents the sample-wise and time-wise convergence results for different algorithms with
128 GPUs on the Ethernet cluster. We find that 0/1 Adam provides the same sample-wise convergence
speed compared to the baseline, with up to 2x time-wise speed up. Table[I]summarizes the GLUE
results using the checkpoints from our BERT pretraining experiments. 0/1 Adam achieves similar
end task accuracy compared to the numbers reported in previous work. 0/1 Adamachieves faster
training time than prior work because it reduces the communication overhead in distributed training
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Figure 5: Evaluation BERT-Base/Large pretraining throughput using 0/1 Adam without communica-
tion rounds skipping. Comparing with Figure[dand[2} local steps breaks the barrier on the performance
gain.

by using both 1-bit quantizer to compress the communication volume (up to 32x reduction) and
1-bit AllReduce to reduce the expensive synchronization overhead for local steps in both warmup
and non-warmup phases. Table[2]provides the ImageNet validation accuracy of trained models from
different algorithms, and we find the final accuracy can achieve the reported accuracy from Pytorch
library 2014). For brevity, convergence comparison on GPT-2 is given in the Appendix [C}

6.2 TRAINING THROUGHPUT ANALYSIS

Figure3]summarizes the throughput results on different tasks and different clusters. We observe that
0/1 Adam can consistently outperform baselines in all settings. It is also worth mentioning that 0/1
Adam on Ethernet (2.7 Gbps effective bandwidth, 4 GPUs per node) is able to achieve comparable
throughput as 1-bit Adam on InfiniBand (near 100 Gbps effective bandwidth, 8 GPUs per node), as
shown in the red line in Figure[3(b)|and the blue line in Figure[3(c)] which demonstrates 0/1 Adam
further removes the redundancy in communication effectively that exceeds the hardware barrier.

Communication reduction and the role of local steps. To better understand the importance and effect
of local steps, we additionally run a special case of 0/1 Adam where we keep the same policy of T, but
use 7o, ={0,---,7—1}. This special version of 0/1 Adam does not skip rounds but use the same variance
freezing policy. We plot the data volume usage and throughput results in Figured]and[3] respectively.
We see that although no local steps suffice to reduce the data volume overhead from 1-bit Adam towards
1-bit-per-parameter in general, the throughput improvement is limited compared to Figure[2}

7 CONCLUSION

In this paper, we study the challenges of using 1-bit communication on Adam, and limitations of
the state-of-the-art 1-bit Adam algorithm. We propose an algorithm named 0/1 Adam that adopts
two novel design: adaptive variance state freezing and 1-bit sync. We provide convergence proof for
0/1 Adam and measure its effectiveness over baseline Adam and 1-bit Adam on various benchmarks,
including BERT-Base/Large, GPT-2 pretraining and ImageNet.
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A  FULL DESCRIPTION TO ALLREDUCE

As introduced in Section[2] the error feedback based 1bit-AllReduce works best both in theory and
in practice. In fact, the original 1-bit Adam also adopts the error-feedback design (Tang et al.| | 2021]).
We give the full description of this 1bit-AllReduce in Algorithm[2] to replace the 1bit-AllReduce
in Algorithm|[I] In the theoretical analysis, our proofs will also rely on this algorithm. Note that
this algorithm does not require any additional assumptions for our theory to hold, since this fits the
black-box procedure in Algorithm@d|and Algorithm[I]

Algorithm 2 The full description of Error Feedback 1 bit Communication (1bit-AllReduce)
Require: communication buffer z,gi), worker error Jﬁi), server error 8, 1-bit compressor C[-]. Both
worker and server errors will be initialized at 0 at ¢ =0.
1: (On¢-th node)

2: Compress z,gi) into 22@ = C[zt(i) + 65“], and update the compression error by

5 =2 +ol 2.

Send 2\ to the server.

(On server) _ _

5: Take the average over all the £\ and compress it into Z; = C[ 2?212,521 +6,], and update the

n

e

compression error by 8,1 =137 2945,z

6: Send Z; to all the workers.
7: (On i-th node)

8: return z,, 5§21,3t+1-
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Algorithm 3 The full description of AllReduce
Require: communication buffer zt(’) .

: (On i-th node)

Send 2\ to the server.

(On server)

Take the average over all the zél)
Send Z; to all the workers.
(On i-th node)

return z;.

- i
into z; = Z?le,g ),

n

A A R o Ty

B PROFILING RESULTS FOR FIXED COST OF COMMUNICATION

We profile the time taken in computation and others (including initialization of a communication round
and compression) during one 1-bit AllReduce round at different scales on Ethernet cluster in Table[3]

Table 3: Profiling on Ethernet cluster the time taken in computation and others (including initialization
of a communication round and compression) during one 1-bit AllIReduce round at different scales.

ImageNet 4 node (16 GPUs) 8 node (32 GPUs) 16 node (64 GPUs) 32 node (128 GPUs)
Computation | 73ms 68ms 44ms 51ms

Others 8ms 6ms 21ms 19ms

BERT-Base 4 node (16 GPUs) 8node (32 GPUs) 16 node (64 GPUs) 32 node (128 GPUs)
Computation | 941ms 490ms 263ms 162ms

Others 153ms 250ms 397ms 658ms
BERT-Large | 4node (16 GPUs) 8node (32 GPUs) 16 node (64 GPUs) 32 node (128 GPUs)
Computation | 1840ms 970ms 640ms 332ms

Others 340ms 510ms 590ms 931ms

C ADDITIONAL EXPERIMENTAL DETAILS

Training Parameters. For BERT pretraining, we follow the settings from (Devlin et al.,[2018) and
let the learning rate linearly increases to 4 x 10~ as a warmup in the first 12.5K steps, then decays
into 0.99 of the original after every 520 steps. We set 51 =0.9 and 2 = 0.999 for all the algorithms.
We adopt the batch size of 4096. For 1-bit Adam, we follow the hyperparameters given in (Tang et al.,
2021)) and set the full-precision stage for 1-bit Adam as 16K and 23K on BERT-Base and BERT-Large,
respectively. All the hyperparameters used here (e.g. learning rate) strictly follow (Tang et al.,[2021)
for fair comparison. For ImageNet, we follow the example script from Pytorckﬂ and use batch size
of 256 and a milestone decay learning rate schedule: starting at 1e-4 and decay by a factor of 10 at
epoch 30 and 60, with 90 epochs in total. We set 10 epochs (50050 steps) as the full-precision stage
for 1-bit Adam. For GPT-2 we set batch size to be 512, and use 300K training steps (158B tokens). The
learning rate schedule follows a linear warmup of 3K steps and a single cycle consine decay over the
remaining 297K steps (1 x 10~°min). For 1-bit Adam, we set its full-precision stage length to be 80K
steps, and for the 0/1 Adam, we follow the same learning rate based policy from BERT on 7,, and 7,.

For GLUE benchmarks we use Adam optimizer and perform single-task training on the dev set.
Following the setup in the BERT paper (Devlin et al., [2018) and 1-bit Adam paper (Tang et al.|
2021), we search over the hyperparameter space with batch sizes € {8,16,32} and learning rates
{Ix107°,3x107°,5x107°,8x 1075}.

The convergence plots for GPT-2 pre-training are given in Figure[6]

"nttps://github.com/pytorch/examples/blob/master/imagenet/main.py
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Figure 6: Training loss (left) and validation perplexity (right) with respect to Tokens for 1-bit Adam
and 0/1 Adam.
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Figure 7: Training loss and Validation error of ResNet18-CIFAR10 task. Hyperparameters that are
not related to 0/1 Adam is set to be {learning rate: 1e —4, weight decay: 5e—4}. For hyperparameters
associated with 0/1 Adam, we use the same ones as used in ImageNet with no additional tuning.

D THEORETICAL ANALYSIS

D.1 ANALYSIS TO AN INTERMEDIATE VERSION OF (/1 ADAM

Algorithm 4 Generic framework of applying 1-bit communication to Adam with frozen variance state.

1-bit Adam can be viewed as a special case of setting 7, = {0,---,7p — 1} where Tj denotes its total

number of steps in the full-precision stage.

Require: initialized model on worker ¢: m(()“, learning rate {: }?:1 ,mo =0, vo =0, total number of iterations
T, decaying factor 51, B2 from Adam, numerical constant €, variance update step index set 7o,.

1: fort=0,---,T—1do v .
2 Locally compute stochastic gradient gt“) over :B,EZ).
3 if t €T, then

4 g, = AllReduce (gt“’).

5: Set vy 41 =20 +(1—52)(g,)°.

6 else _

7 g, = Compressed-AllReduce (gﬁ”).

8: Setvt+1 = Vt¢.

9: end if
10: Update momentum: my1 = S1m+(1—61)g,.
11:  Update model: &\, =&{” —~v,my /\/v, Te.
12: end for

13: return azT’ Vi.

We start from a special case of 0/1 Adam that compresses gradients without local steps. This is given
in Algorithmf4] Note that the following proof will use Algorithm[2]to replace Compressed-AllReduce
in Algorithm[4] as introduced in Section[A]

Algorithm[d]allows us to work with weaker assumption as given in the following

Assumption 6. Compression error in Algorithm ' For arbitrary x € R?, there exists a constant
0 <w< 1, such that the output of compressor C|[-] has the following error bound.:

E|Clz]—|* <w|]®.
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Theorem 2. Under Assumption|[l} 2| [3| and[6] let m = |T,|, and select 1,3, € such that

[0,1)
m<log(1—p1)/log(B2). If we run Algorithm|with a constant learning rate: for all t >0
min n ! 1
Y= 0_2T72L Ggo+€,125 ’

171 tn 1
ZEHVf Tt ||2<O<ﬁ (1—w)iT T)

where we omit f(0) —mfme]Rd f(®), G, d, € 1, B2 and L as constants.

then it holds that

Proof. The main update of Algorithmf](with constant learning rate) can be summarized as: for every
t=0,---,T

my1=L0imy+(1—51)g,
Bt (1-8) (150,0) 1€ T,

Vi41=

V¢ t¢7:,

my

Tip1 =T — ,

t+1 t—7 \/TW
where the g, is the output of the 1-bit AllReduce algorith Note that based on Algorithm the
gradient approximation term follows:

Ima() = =
g z—th()Jrét—étH
ni:l

:%Z<g£i)+6t 5§J21>+3t_3t+1

i=1

:%Zgil) 4+ (;Zép —5,:) < Z5t+1 6t+1>
i=1 i=1

=g +6:— 0141,

where we denote

Ie (i
—E;gtl)
_li(;(i)_
_ni—l '

To prove the convergence, we now define the following auxiliary sequence: for any ¢ >0,
Yy 76

h=o (1-B1)Vvite o+e
The rest of the proof is to use this auxiliary sequence to bound two types of steps separately. We call a
step t as reuse step if t & T,, and update step otherwise. We see for all the update steps, v # v¢1 While
for all the reuse steps v; =v; 1. The bounds on two different types of steps are provides by Lemma/5]

and LemmaH Specifically, denoting V; = H
e AACO

Torrell from Lemmawe obtain for all the reuse steps,
1

T

2273 L2VE(14w)3 G2 d/ G2 +e(T—m)  Ly?0*Vi(T—m)
<> E - + + :
iz )= ) Fr (1= (1-w)! 2npBy"

81n the original Algorithm the g, is the output of the AllReduce when ¢ € 7T,,. This, however, does not affect
our analysis, since our proof holds for a noisier case. The original Algorithm[d]is mainly for practical concern
— we avoid redundant AllReduce rounds when 1-bit AllReduce is performed.
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while from Lemmal[6]we obtain for all the update steps,

34y ¥ o?
ZTEHW(wt W< Elf(wr) f(yt+1)]+<L+W>.(n+G§0d>m

teTy teT,
327y(1461)*(14+w)3V1G% dmL
(=52 (1"

Note that the two inequalities above hold when the learning rate fulfills

. B3 1
y<ming ——————,—— ».
OV, L\/G2+e 125
Combine them together,
ATZ“EHWMP<f<o>—f*+22772L2v12<1+w>3Gz0d GZLTe(T-m)  Lyo*Vi(T—m)
T G2 +e — T 2m(1—31)2(1—w)*T 2npeT
+<34 1 )( ey >m 32(1451)%(14w)3Vi G2 dmL

+
L 4,/G? +e T Br(1—p61)2(1—w)*T
Dropping the constants, we finally obtain
f(0)—f 7 o’ wm 02m>
=) E|Vf( 2<0( + + + +
Z Vel B AWl gy | B (-l T nT
<O(f(0)—f* y2 yo? wm U2m)

t=0

ST =B =)t T n(=8y) T A=BP(l—w)iT  aT

where in the last step we use the condition in the theorem that 85* >1— 3;. To meet the requirement

of learning rate we set
. n 1 1
=min — 7,
% T 2\ /G2 1< 125

m+n 1
7ZEHVf wt ||2<O<ﬁ (1 w)4T T>

That completes the proof. O

then it holds that

D.2 PROOF TO THEOREM(I]
Note that the following proof will use Algorithm 2]to replace 1bit-AllReduce in Algorithm [T} as

introduced in Section

Theorem 1. Under Assumption [I] to [3] , select B, B2 € [0, 1) that fulfills
m<log(1—/f1)/log(B2), if we run Algorithmwith a constant learning rate: for all t >0

. n 1 2/G2% +e 1
—=1min _
i PT 4L G2 ve L 6

H2A?*(m+n) 1
—E E Vi) |2 <0 —Z=+ +>,
(V7@ (\/TTT T T

where £y =1/n> 1wt and we omit f(0)—inf,cpa f(), Goo, d, € B1, B2 and L as constants.

then it holds that

Proof. We now prove Theorem([I} Similar to the proof to Theorem[2] in this proof we discuss the case
of te€ T, and t ¢ T, separately. Following the proof of Theorem 2] we define the following auxiliary
sequence
g =& ymy 76
t— Lt - ’
(1—51)\/’Ut+€ \/’Ut+6

_ :i;wgi)

where
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=1
lz (i)
1 ng'

Note that the definition of g is different from the gt in Theorem [2]since the former is computed on
local models which potentially can be different before the sync step.

And we additionally define that

To expect a compression error bound to scale in the order of O(+?), we slightly modify the update
of line 5, 8, 9 of Algorithm|[T]into

i-ﬁ-% _’u’l(tZ) +m§i)

. t
mgﬁl :ﬂt+%/z
k=t

mgﬂl =} Vg1 [V e
Note that since Theorem|T|states the convergence results for constant learning rate, such modification
does not change the semantics of the original Algorithm[I] Based on Algorithm[2] we know that

_ I~ () = =
ut+§:ﬁzu£-‘2%+6t_5t+l
i=1

I/ (i - -
:ﬁZ(u&)% +6£l) 5521) +6t*5t+1

I 0 (I Ig~s6) 5
:’ljl,t_,'_% +5t 7(5154_1 .

Based on Lemma., we know that for all the ¢ € T,,, we have the following bound,
'yEHVf(a:t || 2vo?m  106yH2Vy (M +A%)mL
0 <L E —-E

Z G2 Z f yt f(ytJrl) nL + Bén(lfﬂl)2
~oim 'ngodm
4ny/G2 +e 4/G% te
On the other hand, for all the ¢ & T,,, we have the following bound,
Z ’YEHVf xy ||
G2 +e

teTy teTy

tZ T
_ _ 3673 H?V (3G2, d+25A%) L2 (14 L) (G2, +e+1)(T—m)
<) _Ef(9)—Ef(gi+1)+ = =
2 TN e
Ly2Vio2(T—m) 483V (H +1)%3(3G2,d+24A2)\/G2, +¢(T—m)
+ m + m 4 :
nf3; A5 (1-p1)

Note that they hold if learning rate is set to be

<min B3 G te 1

1 , )= P

’= AV1 L\/G?, +e L 6

Combine them together, we obtain
ZEHVf )|

= Giote

F(0)—f* Jr20 m 106H2V1(M+A2)mL+ o’m n G? dm LyVio?
T nLT Byt (1=p1)*T dn/G2 +eT  4\/G% +eT  nBy"

<
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N 3672 H2V, (3G2, d+25A%) L2(14+L)(G%, +e+1)
By (1—p1)*/ G3 +e

N 48v2V1 (H+1)%(3G% d+24A2%)\ /G2 +e

p3 (1= )
Omitting constants
fO)—f* ~2H2A? ~0% o?m  H?A?m m
=Y E <O =
Z Vi@ | ( ~T + By +nﬂ§"+nT+ nT +T
o A22A2 2 2 272
SO(f(O) f+’yHA+ ~yo +0m+HAm+m>

where in the last step we use the condition in the theorem that 85* >1— ;. To meet the requirement

of learning rate we set
i n 1 2{/G% +e 1
=min 5 5 ya (0
v T4 /G +e L 6

o H2A%(m+n) 1
*ZEHW ||2<0(m+ b +T>.

And that completes the proof O

then it holds that

D.3 TECHNICAL LEMMA

Lemma 1. Consider running Algorithm |2| over a communication buffer z (same notation in
Algorithm[2)) under Assumption|6] let 8, denote
25

then based on Assumptzonlé]andl it holds thatt>0 1fIE||z(Z |2 < C for some constant C >0,
32w(1+w)3C
o2 < 2 He)C
(1-w)

Proof. Note that the error is initialized by 0, so that when ¢ = 0 the bound trivially holds. We next
prove the case for¢ > 1.

Forany i€ {1,---,n} and ¢t > 1, by the definition of the sequence 59,

) ) ) L2
E[js?| =k 22, +82, -2, |
(4) 2
_]EHZt 1+6; 70— |:zt 1+6t 1”‘
Assumption[f]
< IEHzt ) 460 >1H
Vn>0

(147 1EH5 H Fw(1+1/n) ]EHzt 1H

R P 1 m)C

j=0
< w(l+1/7n)
“1-w(1+n)
Selecting n= W’ we obtain
oy P wlrw)
(1-w)?

Similarly, we can show that for any ¢ > 1,

E|l3,["=E Zzt 181 =%
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2

Zﬁtl)ﬁ_&_l_ [ Z 20,43,

2

n

Z t‘ 1+5t 1

<wE

W(+E|[8—1 || +w(1+1/)E

Z

5 (
zt—l

<w(1—|—77)EH3t_1H2+w(1+1/n)-g

)

where in the last step we apply the Jensen Inequality. Since we do not assume a bound on the ‘

(i) ‘ 2
we need to bound it in terms of

21

N2
-

2 (%) 2
<o+, "+ 28]

114w) , dw(l4w)
St e ©
4(1+w)?
ST &

2
)|I”. Given this bound, and following the analysis

2 _

, we can now bound the EH&t ||2 as follows

2w(1+w) 4(1+w)2
(1-w)? (1-w)?

_8w(1—|—w)3

S (1w

forIEH ti

c

E[3:||" <

C.

Finally, we obtaint > 1,

E|8.* =E

1500
20

n 2
<OE|[5,|*+2E | = 35"

i=1

<285,

< 32w(1+w)3C
1wt
That completes the proof. O

Lemma 2. For the variance term, we have the following upper and lower bound: for anyt>1,

m/2\/v1 Fe<Vvit+e<y/ G2 +e,

where the inequality holds element-wise.

Proof. On one hand, for any t; <t <t;,1, where t; denotes an update step, we obtain element-wise:

vy > oy, > > Bhur > B vy,
so that

Vuite> /v +e> Bg”(vl—i—e):ﬁ;”ﬂ\/vl +e.

20



Published as a conference paper at ICLR 2023

On the other hand, forany ¢ >1 and j € {1,---,d},

[vt]j:Z(l—ﬁz) - <i2[gg)]j> <GZ (1-f2) Zﬁz <GZ,

k=1 i=1

so that

Voirte</GZ +e.

That completes the proof.

Lemma 3. In AlgorithmHd) for any t >0,

195(1+w)3G2%.d

||mt|| = (17(‘*])4
Proof. Foranyt>0,

2
Eljm[|” =E

-B Zﬁt "G,

*51)Zﬁf_kE||§k||2

k=0

¢
—B1)> Bt Ellgn+6k— ki1 I
k=0

t
—ﬁnzﬂi-’f(3E||gk||2+3n«:||5k||2+3E|\6k+1||2)

2
()

—p1 Zﬁ (
-3 (j’; ; EHgk

i=1

+3E|18k | *+3E 61|

|| +3E| 0541 || )

192w (1+w)3G% d
—B Z,B 3G (e )

(1-w)? (1-w)?

< 195(14+w)3G% d
where in the step (i) we use Lemmal[I] That completes the proof.

Lemmad4. Forany a, beR?, the following bound holds

EE

Proof. Denote the subscript j as the index of the coordinate.

| 22([%})2 o Zb [z

j=1 j=1 j=1

a

Vb

b; >0 (since Vb would implicitly assume so).

Lemma 5. In Algorithm[d| for all the t > 1 that fulfills vi =v;41, i.e., Vt such that t € Ty, if we let

85"

VS
2V1L Ggo+€

21

)3G2 3012 %
<(3(1+w G2, +192 (14+w)*GZ, )'(1_51)Zﬁf

2
a;

k=0

2|1
b,

Note that the second step holds not because Cauchy-Schwarz Inequality but due to the fact that a?,
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the following bound holds,

E[Vf ()]
t; 4\/G2 '

227y L2VE(14w) G2 d\ /G2 +e(T—m)  Ly202V;(T—
<Y Bl ()~ Flyesn)]+ 1gm+(f>ﬂ ;(ﬁ< m , LT )
tZTo 2 1 w nﬂQ

Proof. Recall the auxiliary sequence

Y =@y — Ymy B Y0:
t t (1—ﬁ1)\/’0t+6 \/’Ut—f—e’
For all the steps ¢ > 0 that fulfills vy ; =v;, we obtain
o1 — Yt =Taq — Ty — — (mt+1 my >_7< 01 by )
E R s S A T VUipi e VJuite VUir1 e uite
my vy _
=— — 1— —m;—(1— 0;—0
’-Ym (1_Bl)m(ﬂlmt+( ﬂl)gt my ( /81)( t t+1))
___ 9
\/’Ut+€.

From Assumption[I} we have
Ef(ye4+1)—Ef(ye)

<E(Vf(Ye)Yea1—Ye)+ = ]E||yt+1—yt||

——1E
Vf(wt)> H
E(V
- < I Voite \/m
Vf(mt)> < Vf(act)> H
E(V +4E(V v/ ,
Vf(wt)> < F(@) =V () > H
E(V +~E vV _|_7
- < T Joe )T Vorre fa) o
’Y]EHVf(iEt)H HVf z) -V Iy | W , L ‘ o I
== < E[V +—F
S et N IV (@l + 5B 2
where in the last step we use Lemmaland the fact that for any a,b and constant >0,
(a,b) < *Ilall to- Hbll2
Setn= (/G2 +¢)~ 1, with Assumptionand Lemma
Ef(yi+1)—Ef(y)
VI @) VG e I H
G2 +e 265" e m
L\ C] [ CRVACE AT H v | Ll g |
Goote 26" 1- 51 \/ﬁ Vi te Jvite
_VEHVf(ast)IIQ 3L2V1 6‘2 +6 H e H 2
G% +e py (1 \/W B \/W
o]
_wEHVf(act)n L O e, 24 TV ey 2 L g
G2 +e B (1—pr)? B2m t 257 el
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where in the last step we apply Lemma[2]andi] Using the bound on the error from Lemma|[T} Lemmal[3]
and the assumption on the stochastic gradient, we obtain

< 0 —L”2V1>E||Vf<:ct>n2

2\/G2,+e 283
VL2VE/ G2 +e Y3L2VE\ /G2, +e o L0V,
2m 2 2m E”(st” + m
ﬁQ (1_61) ﬂz 2nﬁ2
19573L2V12(1—|—w)3Ggod\/Ggo—l—e+3273L2V12w(1+w)3G§0d\/Ggo—ke
B3 (1=p1)?(1—-w)* B3 (1—w)*

<E[f(y:)— f (yes1)] + El|rm|*+

<E[f(y:)— f(ye+1)]+
L2 a?Vy
20y

27 LPVP (14w)°GRdy /Gl e | Ly*0*Va
<E[f(ye) = f(yes1)]+ B2 (1—B1)2(1—w)? 2nBy

Based on the learning rate bound
B

V1 L\/G?_+€
and summing over all the reuse steps, we obtain

S L E|V(a)]?

v<

e AV G te
<3 Bl ()~ fly )+ Z LA GG (T om) | L0 V(T —m)
= t) = J (Y41
1T, Fr(1=p1)*(1-w)* 2n 5"
That completes the proof. -

Lemma 6. In Algorithm[) for all the t > 0 that fulfills v, # vy41, i.e. t € Ty, if the learning rate fulfills
1

<7
=125

, the following bound holds
v 2 34y gl o? |
B[V < E[f<yt>f<yt+1>1+<+>~(+Gmd>m
PN by e
329(1461)?(14+w)3V1G% dmL
B (1=p1)*(1-w)? '

Proof. For all the steps ¢ that fulfills v; # v 1,

Y P - v < My my )+7< ! Oit1 >
t+1 Yt =Lp41 — Lt — - -
" - 1_/81 \/vt+1+€ \/’Ut“FE \/’Ut+6 \/’l)t+1—|-€

~ my 9 < miy1 My >+,y< 0y _ Opy1 )
Voite 101 \ Vo1 te ogte Voite o te
_ VB My T Myl < Oy _ Oi11 )
 1-BiVuite 1-B1Juiite VUite Juigite)

Based on the smoothness assumption, for constant 1 > 0 that will be assigned later,
Ef(ye1)—Ef(ye)
L 2
<E(Vf(Ye)Ye+1—ye)+ §E||yt+1 =

mslny 2, L 2
< —E|V —E —
Y IV f(y2)ll +777 lYer1— el

¥ L
<TEIV @)+ LByl *+ Bl il

ny 2, MY 2 2 L 2
STEHVf(th)—QtH +TEH9tH +nyLE|y; — || +777E||yt+1—yt||
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el sie-al

<

L

2 2

ze||"+ —Elyr+1—y]
ny

L
( +G? d) +777LE||yt—wt||2+n7]E||yt+1—yt||2~

_L
Now we can bound the last two terms as follows, note that
AL 704
E x||" =
=il H &m o
1)
+ 'yQE !
1 ﬁl \/’Ut-i-ﬁ VUt +€
272V, 272V,
< Bl me |+ L E 8
(1_61) 52 52

390v2(1+w)3V1Ggod+6472w(1+w)3V1Ggod
T By (1-B)*(1-w)! Ay (1—w)?
<45472(1+w)3V1G§Od
T AP (1-p)*(1-w)t

where in the last step we apply Lemma([I] On the other hand,

Ellys 41—y
H Y81 My + Y mMyy1 ( Oy _ O¢t1 > ?
1-61 Voite 1—p1 Jog1+e Vuite  /Uipite
<EH B8 My L0 M _( 0 O >2
|11 Vv te 1—61\/m \/'vt+e /Uiyl te
4v*B3 my H Myt ) 04 2+472]EH o1 |
SA-BT | Vorre NCTE= NoE: NCwE=
242 2
<GBl +% e+ 2 B8+ B
_ T80 (1A Vi (14w)*God | 2567 Viw(1+w)*Gad
- (=B (1-w)t By (1—w)?t

103672 (1+8) Vi (1+w)3 G2 d
- FI=-p)2(1-w)t

where we again apply Lemma[T|and Lemma[3] Put everything together,
Ef(yi1)—Ef(ye)

L
77L’Y< +G2 d>+777LE|yt—u’0t||2+]E||yt+1—'yt||2
my
77'y<02+02 > 454n73(1+w)3VIG§QdL+10367(1+ﬂ%)vl(1+w)3GgOdL
L By (1=p1)*(1-w)* np5 (1=51)*(1-w)*
2 2 3 2
ny (o 5 5 1036)’y(1+ﬂ1) (1+w)*V1 G5 dL
<—|—+G d>—|—<454 +
L( * ) B =AW
Set =234, and considering y <

A

125,we get

Ef(yi11)—Ef(yi) < 3‘;7( ey, ) L 3/(1481)(14w) Vi G dL

By (1=p1)*(1—w)*
Summing over all the update steps, we obtain
34y <+G2 )+32W(1+51)2(1+W)3V1G§odmL

0< Z]E[f(yt)—f(yt+1)]+—

= L By (1=p1)*(1—-w)?
Adding 4\/ﬁzjten]EHVf(wt)||2 on both sides, and note that
ZEHVf(mt)IIZ:Z]Ellvf(a:t)*gt\\ﬂ ZEHQtHz
t€Tw te€Ty t€Tw
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o’m

<—+GZ.dm,

we finally obtain
v 5 34y v a® s
BV @I < S Bl ) )+ <+> (% e )m
tGZT:sz G2 +e tez;‘v L 4,/G% +e¢ n
32y(1+81)*(14w)3 Vi G2 dmL

Ay (1=p1)?(1-w)?
That completes the proof. O

Lemma 7. Under Assumptiond| for any t >0, it holds that
E[|d,]* <4A2,

Proof. Based on the definition of the compression error, we obtain

2
I o) <
E||é.|* =E E;@”—at
I ’
<2E[[3,|*+2E| > "o
i=1

2

g2]EH5tH2+2%ZE‘ 5"
i=1

<4AZ,
That completes the proof. O

Lemma 8. In Algorithm[l} for any t > 0, the momentum term is uniformly bounded by the following:
A12 _3G2 d+24A2
ol [ 2502
' (1=51)?
2<3Ggod+24A2
- (1=p)?
3G?, d+24A?

Ellrn 2<<><>77
H tH = (17ﬂ1)2
2<3Ggod+24A2
T(A=p)?

E|resy

Proof. We prove this lemma via induction. Note that when ¢ =0, the inequality trivially holds due to
initialization at 0 and Jensen Inequality. Now suppose the inequality holds up to step ¢ > 0, then for t 41,

if t € T, then
@ |I”
oy
ﬁt-‘,—% 2
t—k
ﬂ’t+% +6t—6t+1
t—k
t - 2
D k1M 0 =61 41
t—k

2

. . . 2
S (B (=808 g ) 48—
t—k
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2

t -1
Z Z j h 1gh+ (6:—0:41)
k —

J
2 ) 2

1 t
7 zk:

t

>0 1 L 1— .
< (14+n)E T Z B || +(1+1/n)E _il Z Z/B{ "l gn+ (81— 8141)

t
j=k+1 j=k+1h=Ek

t

j-1
Bi~Frm H2 3(1+1/n)(1-p1) Z Zﬂf_h_lghEHQhH?

t—k ,
j=k+1h=k

1+77 Z E‘

+3(1+1/77)EH5tH +3(1+1/77)E||5t+1||2

n=1/p1-1 3G2 d+24A2
< (1+n) fo("fig)z+3(1+1/¢;)G§Od+24(1+1/77)A2
— M1
5 3G§Od+24A2+3G§Od+24A2
T 1-h)? (1-51)?
_ 3GZ d+24A°

(1-51)?
On the other hand, if ¢t € T,,, then

. 2 .
sl [ <mi2

e

3G2 d+24A
<] EI V=55
ﬂ 1 /8 1 m ) g t — (1 _ ﬂl )2
For all the ¢+ % case, the inequality holds trivially due to Jensen Inequality. Finally, all the ~ bound
can also be obtained via Jensen Inequality. And that completes the proof. O

Lemma 9. In Algorithml[l} for all the t such that t & T, it holds that if we set learning rate

<min ol G2 +e
TP e e L[
then,
Z’YEHVf )|
teT, Giote
_ _ 3673 H2Vy (3G? d+25A%) L2 (14 L)(G? +e+1)(T—m
<Y Ef (@) -Ef (i) + 7 1l - ) 4( 2)( X )
te T, Byt (1=P1)*/ Gao+e
Ly2Vio2(T—m) 483V (H +1)3(3G2 d+24A2)\/G2, +¢e(T—m)
+ poey + poe 1 .
np; Byt (1-p1)

Proof. Since when t € T, it can either belongs to 7T, or not. We first prove the case for t € T,,. From
the definition of the auxiliary sequence, we obtain,

i §o = & Y ( Myl my ) ( '76t+1 v0; )
t+1 Yt =Tt41— Lt — — _ B
" - 1-B1 \Vvig1te Voite VUpi e VJuite

(1 1A — (18 81)
=Tt t (1*51) rﬁre t+1 t TJrE YOt+1—7Y0¢t
s " gl - -
_wt+%—$t—(1 51) rﬁ_ﬁf(TntJr%—mt)

y . . 1
(1 ﬂl)m(mt-‘rl_mt—‘r%)_\/ﬁ(’y(st_;’_l—’yét)

=qi

+ Ty — .’BH_ 1—

e gl S e
 Vute (1_51)m(ﬁlmt+(l B1)gc—my)+qy
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__ gt +q
VUu+te v

From Assumption[I] we have

- - . - L_. _ -
Ef(9er1) —Ef(9e) <E(V f(Y¢),Ye41—Ys) +§]E||yt+1 —¢|”
2
—VE(V f(§1),a)+LVE| q||*.

3 Ag

——vE<Vf<z;t>, %J%@H e

Al AZ

We now bound A; to A4 separately. Note that from Lemma 8] the momentum term can be uniformly
bounded by a constant. For brevity of the derivation, we use M to denote such constant bound, and
fit in its value at the end of the proof.

For A4,
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where in the last step we use Assumption [I] Lemma[Z] and Lemmaf] For the second term, denote
the last sync step before t is k, then we have:
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where the first step holds because Lemma Lemma and the fact that at the sync step k, = :n,(:) .
For the third term, we have

. ymy V04
E||g:— &, |° =E +
”yt t” H 761 \/m \/ﬁ
29°V1
< AT E|yo
By (1—p1)? ol
remmall 29°ViM | 29°Vi
— m( ﬁl) m
292V M 8 2V A?
S m'.y 1 2+ ! 'rr1L 4
52 (1_51) »32
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where in the second step we reuse Equation (5)). Next we can bound A, as follows
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where in the sixth step we reuse Equation (3). For Aj,
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where in the last step we reuse Equation (6). Combine the bound of A; to A4, we obtain
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Finally, we need to bound the norm of g;. If we denote the last sync step was k steps before ¢, then,
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Put everything together, and let y fulfills
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where we replace M with Lemmal[8] That completes the proof. O

Lemma 10. In Algorithm[I| For all the t >0 that fulfills vi # vy 41, i.e. t € Ty, if the learning rate fulfills
1
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, the following bound holds
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We now bound the three norm terms separately. From Equatlon @), we obtain for the first term,
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the buffer. So that we need to discuss the two cases separately. First, for all the ¢ € T,,, denote the last
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where in the last step we use Lemma([7} [S]and[d] It is straightforward to verify that this bound also
holds for ¢ & T, (since there will be no noise from the sync step). Combine the three norm term bounds,
we obtain
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where in the last step we set =1 and use the requirement that v < 1/6. Summing over all the t € T,
we get
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Adding ﬁztenEHVﬂ:ﬁﬁ ||? on both sides, and note that
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That completes the proof.
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