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Abstract

Recent work on the Lottery Ticket Hypothesis
(LTH) shows that there exists “winning tickets”
in large neural networks. These tickets represent
“sparse” versions of the full model that can be
trained independently to achieve comparable accu-
racy with respect to the full model. However, find-
ing the winning tickets requires one to pretrain
the large model for at least a number of epochs,
which can be a burdensome task, especially when
the original neural network gets larger.

In this paper, we explore how one can efficiently
identify the emergence of such winning tickets,
and use this observation to design efficient pre-
training algorithms. For clarity of exposition, our
focus is on convolutional neural networks (CNNs).
To identify good filters, we propose a novel fil-
ter distance metric that well-represents the model
convergence. As our theory dictates, our filter
analysis behaves consistently with recent find-
ings of neural network learning dynamics. Moti-
vated by these observations, we present the LO?-
tery ticket through Filter-wise Training algorithm,
dubbed as LOFT. LOFT is a model-parallel pre-
training algorithm that partitions convolutional
layers by filters to train them independently in
a distributed setting, resulting in reduced mem-
ory and communication costs during pretraining.
Experiments show that LOFT ¢) preserves and
finds good lottery tickets, while i) it achieves
non-trivial computation and communication sav-
ings, and maintains comparable or even better
accuracy than other pretraining methods.
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1 Introduction

The Lottery Ticket Hypothesis (LTH) (Frankle and Carbin|
2018)) claims that neural networks (NNs) contain subnet-
works (“winning tickets”) that can match the dense net-
work’s performance when fine-tuned in isolation. Yet, iden-
tifying such subnetworks often requires proper pretrain-
ing of the dense network. Empirical studies based on this
statement show that NNs could potentially be significantly
smaller without sacrificing accuracy ((Chen et al.| |2020}
Frankle et al.| 2019} |Gale et al.|[2019} |Liu et al.} 2018} |Mor
cos et al} 2019} |Zhou et al.| 2019} |Zhu and Guptal|201 7)E|
How to efficiently find such subnetworks remains a wide
open question: since LTH relies on a pretraining phase, it
is a de facto criticism that finding such pretrained models
could be a burdensome task, especially when one focuses
on large NNs.

This burden has been eased with efficient training method-
ologies, which are often intertwined with pruning steps.
Simply put, one has to answer two fundamental questions:
“When to prune?” and “How to pretrain such large mod-
els?”. Focusing on “When to prune?”, one can prune
before (|Lee et al.| 2018, 12019 |Wang et al.| [2019D)), after
(LeCun et al.||1990; |Hassibi et al.||1995} |Dong et al.| {2017}
Han et al.| [2015b} [Li et al.| 2016} IMolchanov et al.} |[2019}
Han et al.| 20154} \Wang et al.||12019a} |Zeng and Urtasun)
2019), and/or during pretraining (Frankle and Carbin,|2018;
Srintvas and Babu) [2016} [Louizos et al.}|20158} |Bellec et al.|
2018} |Dettmers and Zettlemoyen |2019 M ostafa and Wang|
2019 |Mocanu et al.) 2()18)E| Works like SNIP (|Lee et al.|
20168, 12019) and GraSP (Wang et al.| |2019b) aim to prune
without pretraining while suffering some accuracy loss.

“Equal Contribution

'With the exception of (Malach et al.||2020y |Orseau et al.|
2020% |Pensia et al.||2020) that focus on finding subnetworks from
randomly initialized NNs without formal training.

2LTH approaches, while originally implying pruning after train-
ing, includes pruning at various stages during pretraining to find
the sparse subnetworks.



LOFT: Finding Lottery Tickets through Filter-wise Training

Pruning after training often leads to favorable accuracy, with
the expense of fully training a large model. A compromise
between the two approaches exists in early bird tickets (|You
et al. |2019)), where one could potentially avoid the full
pretraining cost, but still identify “winning tickets”, by per-
forming a smaller number of training epochs and lowering
the precision of computations. This suggests the design of
more efficient pretraining algorithms that target specifically
at identifying the winning tickets for larger models.

Focusing on “How to pretrain large models?”, modern
large-scale neural networks come with significant compu-
tational and memory costs. Researchers often turn to dis-
tributed training methods, such as data parallel and model
parallel (Zinkevich et al.| 12010y |Agarwal and Duchi} |201 1}
Stich} 2019, |Ben-Nun and Hoeflen [2018) |Zhu et al.| [2020;
Gholami et al| 2017 |Guan et al.| (2019} |Chen et al.| [2018)),
to enable heavy pretraining towards finding winning tickets,
by using clusters of compute nodes. Yet, data parallelism
needs to update the whole model on each worker—which
still results in a large memory and computational cost. To
handle such cases, researchers utilize model parallelism,
such as Gpipe (Huang et al.||2019), to reduce the per-node
computational burden. Traditional model parallelism enjoys
similar convergence behavior as centralized training but
needs to synchronize at every training iteration to exchange
intermediate activations and gradient information between
workers, thus often incurring high communication costs.

Our approach and contributions. We propose a new
model-parallel pretraining method on the one-shot prun-
ing setting that can efficiently reveal winning tickets for
CNNs. In particular, we center on the following questions:

“What is a characteristic of a good pretrained CNN that
contains the winning ticket? How will such a criterion
inform our design towards efficient pretraining?”

Prior works show that filter-wise pruning is more preferable

compared to weight pruning for CNNSs (Huang et al.||2019;

He et al.| 2020} |da Cunha et al.| 12022} (Wang et al.| 2021}

Li et al.||2016)). Our approach operates by decomposing

the full network into narrow subnetworks via filter-wise

partition during pretraining. These subnetworks —which
are randomly recreated intermittently during the pretrain-
ing process— are trained independently, and their updates
are periodically aggregated into the global model. Because
each subnetwork is much smaller than the full model, our

approach enables scaling beyond the memory limit of a

single GPU. Our methodology allows the discovery of win-

ning tickets with less memory and a lower communication
budget. The contributions are summarized as follows:

* We propose a metric to quantify the distance between
tickets in different stages of pretraining, allowing us to
characterize the convergence to winning tickets through-
out the pretraining process.

* We identify that such convergence behavior suggests an

alternative way of pretraining: we propose a novel model-
parallel pretraining method through a filter-wise partition
of CNNs and iterative training of such subnetworks.

* We perform a theoretical analysis on a simplified sce-
nario of our method and show that our proposed method
achieves CNN weight that is close to the weight found by
gradient descent in such a case.

* We empirically show that our method provides a better
or comparable winning ticket while being memory and
communication efficient.

2 Preliminaries

The CNN model (He et al.| {2015} |Krizhevsky et al.||2012}
Simonyan and Zisserman| |2015) is composed of convolu-
tional layers, batch norm layers ([/offe and Szegedy||2015)),
pooling layers, and a final linear classifier layer. Our goal is
to retrieve a structured winning ticket, through partitioning
and pruning the filters in the convolutional layers.

Mathematically, we formulate this process as follows. Let
p; denote the number of input channels for the ¢-th con-
volutional layer. Correspondingly, the output channel of
the ¢-th layer is the same as the input channel of the
(i + 1)-th layer, which is m;11. Let h;, and w; be the
height and width of the input feature maps, respectively.
Then, the i-th convolutional layer transforms the input fea-
ture map xz; € RP:*hiXWi jnto the output feature map
Tiyq € RMit1xhitixwist by performing 2D convolutions
on the input feature map with m;y; filters of size 3 x 3,
where the j-th filter is denoted as F; ; € R™i*3%3, Thus the
total filter weight for the i-th layer is F; € R™i+1XPixX3x3,
Formally, pruning 1/ of the filters in the i-th layer is equiv-
alent to discarding ™i+1/k filters. Thus the resulted total
pruned filter weight is in R™+1 " = V/kxmix3x3 anq the
output feature map ;4 is in R™ 1 = D/kxhipaxwipr

3 Identifying Tickets Early in Training

In this section, we aim at answering the following questions
to motivate the design of an efficient pretraining algorithm:

“How do we compare different winning filters? How early
can we observe winning filters?”

3.1 Evaluate the distance of two pretrained models

With the goal of identifying tickets early in training, we
study when we can prune to find a winning ticket reliably,
which oftentimes occurs before training accuracy stabilizes
(You et al.||20/9). Thus, we need a metric to evaluate how
trained filters evolve towards being stabilized, as the iter-
ations increase and before they get pruned. Since at prun-
ing time we care about the relative magnitude of the filter
weights, this question can be abstracted as finding the dis-
tance of two different rankings of a given set of filters.



Qihan Wang, Chen Dun, Fangshuo Liao, Chris Jermaine, Anastasios Kyrillidis

Borrowing techniques from search system rankings (Kumar]
and Vassilvitskiil [2010), we propose a filter distance metric
based on a position-weighted version of Spearman’s footrule
(Spearman| |1987). In particular, consider evaluating the
distance between trained convolutional layers at epochs
X and Y. Denote their the filters at epochs ¢; and ¢, on
the i-th layer as F; (t1) F; (*2) We calculate the £5-norm of

]-"Z(t]l) F (tz) for each filter index j € [m;1] and sort them
by magmtude We denote the two sorted lists with length

miy1 as R®) and R(*2). Each of these lists contains the
‘ and ‘ t2) ‘ )

We represent the change in ranking from R(*) to R(*2)
as 0. Le., if z € R(1) is the i-th element in R(1), then,
the ranking of x in R(*2) is denoted as o(i). The original
Spearman’s footrule defines the displacement of element ¢ as
|i — o (4)], leading to the total displacement of all elements:

7) =Y li = o(i)

Given weights w;’s for the elements, the
weighted displacement for element ¢ becomes

S = Sy w

welghted displacement as follows E|

:Zi:wz" dowi— D w

J<i a(§)<o(i)
To put emphasis on the correct ranking of the top elements,
we set the position weight for the i-th ranking element as 1/.
To further simplify calculations, we approximate » ., % ~
In(n) — In(1) where In(-) is the natural logarithm. The

above lead to the following definition for our filter distance:

Fiter(0) = ) ¢ - [n(é) = In(o(0))] -

i

¢5-norm of the filters, namely Hfi(fjl)

, leading to the total

For the case where the two lists of pruned filters do not
contain the same elements, we can naturally define the dis-
tance when the ¢-th element is not in the other list to be
[In(l + 1) — In(4)[; { is the length of the pruned filter list.
This filter distance metric is fundamentally different from
the mask distance proposed in ((You et al.| |[2019)). A detailed
comparison can be found in Related Work. We compare
these early-pruning methods in the experiments.

3.2 How early can we observe winning filters?

With the filter distance defined, we first visualize its behav-
ior over a CNN as a function of training epochs. Figure
[T plots the pairwise filter distance of a WideResNet18 net-
work (Zagoruyko and Komodakis,|2016|) on the ImageNet
dataset (Deng et al.| |2009). Here, the (i, j)-th element in
the heatmaps denotes the filter distance of a given filter in

3Using other norm calculations like £2-norm will not affect the
overall property of filter distance in the analysis.
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Figure 1: Heatmap visualization of the pairwise mask dis-
tance for different layers of WideResNet18 trained on Im-
ageNet. The (i,7)-th matrix element denotes the filter
distance of a given filter between the i-th and j-th itera-
tion. Lighter color indicates a larger filter distance, while a
smaller filter distance is depicted with a darker blue color.

the network, between the i-th and j-th iteration in the ex-
periment. Lighter coloring indicates a larger filter distance,
while a smaller filter distance is depicted with a darker color.

Across all layers, during the first ~ 15 epochs, the filter
distance is changing rapidly between training epochs, as is
indicated by the rapidly shifting color beyond the diagonal.
Between ~ 15 to ~ 60 epochs, filter ranking has relatively
converged as the model is learning to fine-tune its weights.
Finally, at around the ~ 60-th epoch, the filter distance
becomes fully stable and we can observe a solid blue block
at the lower right corner. This observation provides intuition
that concurs with the hypothesis in (Achille et al.||2019)
about a critical learning period, and observation by (|You
et al.||2019) using mask-distance on Batch Normalization
(BN) layers.

3.3 Rethinking the Property of Winning Tickets

The empirical analysis above suggests that training the CNN
weights until loss converges is not necessary for the discov-
ery of winning tickets. However, many existing pretraining
algorithms do not exclude heavy training over the whole
CNN model. Even though one could utilize distributed so-
lutions with multiple workers (like the data parallel and
model parallel protocols), these come with uncut computa-
tion, memory, and communication costs, since these algo-
rithms are originally designed for training to convergence.
These facts demand a new pretraining algorithm, targeting
specifically at efficiently finding winning tickets.

Knowing the winning filters beforehand would greatly re-
duce the pretraining cost, but this is hard to achieve in
practice. As a compromise, we can turn to the following
question: “Can we randomly sample “tickets” during pre-
training, and independently train them in parallel on differ-
ent workers, with the hope to preserve the winning tickets?”
This would enable a highly efficient distributed implementa-
tion: subsets of tickets can be trained independently on each
worker, with limited communication cost and less computa-
tional cost per worker.

To reduce the total computation and memory cost, one
could only consider a small number of disjoint tickets per
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distributed worker. Yet, this simple heuristic should be
used cautiously: in particular, splitting only once the con-
volutional filters —with no further communication between
workers— could miss the global winning ticket, since no inter-
action is assumed between “locally” trained filters, leading
to a strong greedy solution. This suggests that, in order
to recover a good ticket, one needs to sample and train a
sufficiently large number of tickets to (heuristically) assure
that “a good portion” of filters is trained, as well as different
combinations of filters are tested in each iteration.

This motivates our approach: we propose sampling and
training different sets of tickets during different stages of
the pretraining. In this way, the algorithm is expected to
“touch” upon the potential winning tickets at certain iter-
ations. We conjecture (this is empirically shown in our
experiments) that important filters in such winning tickets
can be preserved and further recovered at the end of pre-
training using our approach. These observations led us to
the definition of the LOFT algorithm.

4 The LOFT Algorithm

Algorithm 1 LOFT Algorithm

1: Parameter: 7" synchronization iterations in pretraining,
S workers, ¢ local iterations, W CNN weights,

2: h(W) < randomly initialized CNN.
3: fort=0,...,7T—1do
4 {h (W)Yo, = filterpartition(h(W), S)

5:  Distribute each hs(W;) to a different worker.

6: fors=1,...,5do

7: Train hs (W) for £ iterations using local SGD.
8: end for

9:  h(W) = aggregate ({hs(Wg)}fﬂ).

10: end for

We treat “sampling and training sets of tickets” as a filter-
wise decomposition of a given CNN, where each ticket is
a subnetwork with a subset of filters. This is shown in
Fig. 2] The LOFT algorithm that implements our ideas is
shown in Algorithm|[I] Each block within a CNN typically
consists of two identical convolutional layers, conv; and
conv;1 1. As shown in Figure 2] our methodology operates
by partitioning the filters of these layers, F; and F;1, to
different subnetworks —see filterPartition () step
in Algorithm [T} in a structured, disjoint manner. These
subnetworks are trained independently —see local SGD steps
in Algorithm [T} before aggregating their updates into the
global model by directly placing the filters back to their
original place—see aggreegate () step in Algorithm 1]
The full CNN is never trained directly.

The filter-wise partition strategy for a convolutional block
begins by disjointly partitioning the filters F; of the first con-
volutional layer conv;. This operation can be implemented
by permuting and chunking the indices of filters within the

first convolutional layer and within the block, as shown in
Figure[2] Formally, we randomly and disjointly partition the
total m;1 filters into .S subsets, where each subset forms
Fp € Rmis1/S)xmix3x3 G here indicates the number of
independent workers in the distributed system. F;” forms a
new convolutional layer, which produces a new feature map
xf,, € Rmin1/S)xhizixwies with S times fewer channels.

Based on which channels are presented in the feature map
x$ 1, we further partition the input channels of filters Fit1
in the second convolutional layer into S sets of sub-filters
(Figure [2). Formally, each set has m; sub-filters with
mi+1/s input channels, F3,; € RMi+2X™i+1/5%3X3 and pro-
duces a new feature map z,, € R™i+2Xhit2Xwit2 The
input/output dimensions of the convolutional block are un-
changed. We repeat the partition for all convolutional blocks
in a CNN to get a set of subnetworks with disjoint filters. In
each subnetwork, the intermediate dimensions of activations
and filters are reduced, resembling a “bottleneck” structure.

Our methodology of choosing tickets/subnetworks avoids
partitioning layers that are known to be most sensitive to
pruning, such as strided convolutional blocks (|Liu et al.|
2018)). Parameters not partitioned are shared among subnet-
works, so their values must be averaged when the updates of
tickets/subnetworks are aggregated into the global modelE]

Compared with common distributed protocols, our pretrain-
ing methodology ) reduces the communication costs, since
we only communicate the tickets/subnetworks; and i7) re-
duces the computational and memory costs on each worker
since we only locally train the sampled tickets/subnetworks
that are smaller than the global model. From a different per-
spective, our approach allows pretraining networks beyond
the capacity of a single GPU: The global model could be a
factor of O(.S) wider than each subnetwork, allowing the
global model size to be extended far beyond the capacity of
a single GPU. The ability to train such “ultra-wide” models
is quite promising for pruning purposes.

After pretraining with LOFT. We perform structured
(filter-wise) pruning on the whole network to recover the
winning ticket and use standard training techniques over this
winning ticket until the end of training. Although our pre-
training algorithm can be generalized to an iterative pruning
method, in this paper we focus on one-shot pruning.

5 Theoretical Result

We perform a theoretical analysis on a one-hidden-layer
CNN (see figure [3), and show that the trajectory of the
neural network weight in LOFT stays near to the trajectory
of gradient descent (GD). Since filter pruning is based on the
magnitude ranking of the filters, a small difference between

“We detail how LoFT is implemented to provide enough infor-
mation for potential users; yet, we conjecture that our ideas could
be applied to other architectures with appropriate modifications,
showing the applicability to diverse scenarios.
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Figure 2: Depiction of the effect of a filter-wise LOFT partition on parameter sizes. Dotted blocks represent feature maps,
and colored blocks represent filters within convolutional layers.

the filters learned with LOFT and the filters learned with
GD will more likely preserve the winning tickets. Our goal
is not to perform an analysis of our methods in a practical
setting. This objective remains an open question even for
gradient descent on an MLP. Rather, we aim at an argument
that demonstrates the mathematical logic behind our key
idea in a simplified scenario.

Consider a training dataset (X,y) = {(x;,v:)}_,, where
each x; € R%** is an image and y; being its label. Here,
d is the number of input channels, and ¢ is the number of
pixels. Let ¢ denote the size of the filter, and let m be the
number of filters in the first layer. As in previous work

20184a), we let ¢(-) denote the patching operator
with ¢(x) € R94%*, Consider the first layer weight W €
Rqud, and second layer (aggregation) weight a € R™**,
In this case, the CNN trained on the mean squared error has
the form:

1x,¢) = (a0 (W (x)) ):£(¢) = 1/(X,€) ~ v}

where ¢ abstractly represents all training parameters, f(x, -)
denotes the output of the one-layer CNN for input x, and
L(+) is the loss function. We assume that only the first
layer weights W are trainable. We also make the follow-
ing assumption on the training data and the CNN weight
initialization.

Assumption 1. (Training Data) Assume that for all i € [n),
we have ||X;||p = ¢ % and |y;| < C for some constant C.
Moreover, for all i,i € [n] we have x; # X;.

Note that the first part of this assumption is standard and

flatten( - )
4 {a,-)

]~

=

- —
1=y =1

Figure 3: One-Hidden-Layer CNN for Theoretical Analysis

can be satisfied by normalizing the data 2018d).

Let Ag denote the minimum eigenvalue of the NTK matrix
at initialization. The goal of making assumption [I] is to
guarantee that Ao > 0. For simplicity of the analysis, let
d = qd.

Assumption 2. (Initialization) wo, ~ N (0,x%I) and

Qrj ~ {j:#m}forr € [m]and j € [1).

We consider a simplified LOFT training scheme: assume
that in the ¢th global iteration, we sample a set of .S masks,

{m{*)}5_, for the filters, where each m\*) € {0,1}™. Let

s=1>
mf«st) be the rth entry of m{”. We assume that m(*) ~

Bern (§) for some £ € (0,1] forall s € [S] and r € [m],
with mfnst)
(s)

mr,t =

= 1 if the rth filter is trained in subnetwork s and

1 otherwise. Intuitively, £ is the probability that a
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filter is selected to be trained in a subnetwork. Let mgs) be
the sth column of the joint mask matrix M,. Then, each
row m,; contains information on the subnetwork indices
in which the rth filter is active. We further assume that the
number of local iterations ¢ = 1.

Let {W;}Z_ and {W,}”_, be the weights in the trajectory
of LOFT and GD, and let § = P <\/SS:1{m§S) = 1}) =

1 — (1 —¢)%. Next, we show that the expected difference
between the two is bounded as follows:

Theorem 1. Let f(-,-) be a one-hidden-layer CNN with the
second layer weight fixed. Assume the number of hidden

42
filters satisfies m = Q (T/L\é% max{n, d}) and the step size

satisfiesn = O (%) : Let Assumptions I and 2 be satisfied.
Then, with probability at least 1 — O (§) we have:

N 2
B |[Wr — W[ |+

T-1

03 B[00 W0 — 1 (x, W) ]
0 “

t—

<0 nQ\/ﬁ +2772T02g175),\(, '
)\gmmz\/g b

Remarks. Intuitively, this theorem states that the sum of
the expected weight difference in the T'th iteration (i.e.,
Epnvi [[|Wr — W %)) and the aggregation of the step-wise
difference of the neural network output between LOFT
and GD (e, 32/ B, |/ (X, W) = f (X, W) 1) ds
bounded and controlled by the quantity on the right-hand
side. In words, both the weights found by LOFT as well
as the output of LOFT are close to the ones found by reg-
ular training. Notice that increasing the number of filters
m (term in violet color) and the number of subnetworks S
(term in teal color) will drive the bound of the summation to
zero. For a more thorough discussion, as well as the proof,
please see the supplementary material. As a corollary of
the theorem, we also show that LOFT training converges
linearly upon some neighborhood of the global minimum:

Corollary 1. Let the same conditions of theorem (1)) holds,
then we have:

B, ) [I70X W) - y]3] <
t
(1= 2= 17X Wo) —yli5 +

i
mAg

We defer the proof to the appendix.

6 Experiments

We show that LOFT can preserve the winning tickets and
non-trivially reduce costs during pretraining. First, we show
that LOFT recovers winning tickets under various settings

for all pruning levels with a significant reduction in com-
munication cost compared to other model-parallel methods.
Second, we illustrate that LOFT does not recover the win-
ning tickets by chance: LOFT converges to winning tickets
faster and provide better tickets for all pretraining length.

Experimental Setup. We consider the workflow of pre-
training for 20 epochs and fine-tuning for 90 epochs. We
consider three CNNs: PreActResNet-18, PreActResNet-34
(He et al.}|2016)), and WideResNet-34 (Zagoruyko and Ko
modakis| |2016) to characterize our performance on models
of different sizes and structures. We test these settings on
the CIFAR-10, CIFAR-100, and ImageNet datasets.

For our baseline, we compare with a standard model-parallel
algorithm Gpipe (Huang et al.| |2019)), where we distribute
layers of a network to different workers. We note that model-
parallel algorithms are equivalent to training the whole
model on a single large GPU. However, since LOFT parti-
tions the model based on the number of workers and utilizes
independent training for each subnetwork, it is not equiva-
lent to full model training, and the final performance will
be different based on the number of workers we use. This
is where our savings in communication cost come from,
and why it is non-trivial for LOFT to even match the per-
formance of other methods. We also compare against the
standard data parallel local SGD methodology (Stic/| |2019).
(Due to the limitation of computing resources, we only ex-
periment on 4-worker Local SGD on Imagenet dataset as the
focus is on comparing with other model-parallel methods.)

We used two different pruning ratios: i.e., 50%, and 80%
pruning ratios to profile performance under normal and
over-pruning settings, respectively. For ImageNet, we ad-
ditionally consider a pruning ratio of 30%, since networks
are usually pruned less in this setting (i et al.| |2016)). Here
the pruning ratio p% represents that for each set of filters
F;, we remove the bottom p% of the filters by its £2-norm
| Fi,jll5- as described above. We do not prune the layers that
are known to be most sensitive to pruning: this is skipping
the first residual block and the strided convolutional blocks,
according to (Liu et al.| |2018} |Li et al.}|2016).

There are methods with more specific pruning schedules,
or different pruning ratios for different layers (L er al|
2016)). Here, we do not delve into layer-specific pruning or
parameter tuning and only use one shared pruning ratio.
The focus is on the general quality of the winning ticket
selected from LOFT with other model-parallel methods.

Implementation Details. We provide a PyTorch implemen-
tation of LOFT using the NCCL distributed communication
package for training ResNet (e et al.||2015) and WideRes-
Net (Zagoruyko and Komodakis| |2016|) architectures. Ex-
periments are conducted on a node with 8 NVIDIA Tesla
V100-PCIE-32G GPUs, a 24-core Intel(R) Xeon(R) Gold
5220R CPU 2.20GHz, 1.5 TB of RAM.
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PRUNING RATIO

SETTING DENSE MODEL ~ METHODS 30% 30% 30% COMM. COST IMPROV.
GPIPE-2 94.41 94.55 131.88G 3.29%

PRERESNET-18 94.36 LocAL SGD-2  94.37 94.41

CIFAR-10 : LOFT-2 93.97 94.11 40.02G -
GPIPE-4 94.41 94.55 659.42G 10.21x
LoCcAL SGD-4  94.52 94.81
LoFT-4 93.97 94.13 64.57G -
GPIPE-2 93.93 94.38 131.88G 2.01x

PRERESNET-34 93.51 LocAL SGD-2  94.77 95.13

CIFAR-10 : LOFT-2 93.25 93.43 65.36G -
GPIPE-4 93.93 94.38 461.60G 5.12x
LOoCAL SGD-4  94.64  94.82 211.86G 2.34x
LOFT-4 93.89 94.02 90.17G -
GPIPE-2 93.69 93.81 131.88G 2.01x

RESNET-34 93.22 LocAL SGD-2 94.49 94.74

CIFAR-10 : LOFT-2 93.38 93.41 65.36G -
GPIPE-4 93.69 93.81 461.60G 5.12x
LocAL SGD-4  94.69 94.61 211.86G 2.34x
LOFT-4 93.41 93.60 90.17G -
GPIPE-2 75.38 75.91 131.88G 3.29%

PRERESNET-18 7536 LocaAL SGD-2 75.63 75.79

CIFAR-100 ’ LOFT-2 75.99 76.65 40.03G -
GPIPE-4 75.38 75.91 659.42G 10.2Ix
LocAL SGD-4  75.50  75.44
LOFT-4 75.95 76.72 64.57G -
GPIPE-2 76.72 77.09 131.88G 2.01x

PRERESNET-34 76.57 LocAL SGD-2  75.26  76.18

CIFAR-100 ’ LOFT-2 75.93 77.27 65.37G -
GPIPE-4 76.72  77.09 461.60G 5.12x
LocAL SGD-4  76.62  75.79 212.10G 2.34x
LOFT-4 75.77 76.79 90.17G -
GPIPE-2 75.51 76.00 131.88G 2.01x

RESNET34 75.93 LocAL SGD-2  75.23 76.35

CIFAR-100 ! LOFT-2 76.11 77.07 65.37G -
GPIPE-4 75.51 76.00 461.60G 5.12%
LocAL SGD-4  76.19 76.81 212.10G 2.34x
LoOFT-4 75.05 76.51 90.17G -
GPIPE-2 66.71 69.14  70.29 20954.24G 81.80x

PRERESNET-18 70.71 LOFT-2 65.41 69.12  69.64 256.62G

IMAGENET : GPIPE-4 66.71 69.14  70.29 52385.59G 126.27x
LocAL SGD-4 6540 66.94  67.52
LOFT-4 65.60 68.93 69.77 414.84G

Table 1: Left: Fine-tuned accuracy for different pretraining methods at different pruning ratios. DENSE MODEL corresponds
to full CNN training without pruning. Right: Total communication costs (Comm.) of model parallel baseline (GPipe) (Huang
et all2019), Local SGD (Stich||2019) and LOFT during pretraining. The number after the method name represents the

number of parallel workers used.

indicates that the method in comparison consumes at most 2x communication

bandwidth; red color indicates that the method in comparison consumes > 2x communication bandwidth. Performance in
teal color represents the best in terms of communication efficiency.

LOFT recovers winning tickets with lower communica-
tion cost. Table [1| shows the performance (test accuracy)
comparison for LOFT, Local SGD (data parallel), and Gpipe
(model parallel) under various settings. We also include the
performance of the DENSE MODEL, where the network is
trained as-is with the same setting without any pruning.

We can see that across different model sizes, network struc-
tures, pruning ratios, and datasets, LOFT finds comparable
or better tickets compared to other model-/data-parallel pre-
training methods while providing sizable savings in com-
munication cost. Note that LOFT partitions the model into
smaller subnetworks; so it is non-trivial that e.g., the 4-
worker case leads to the same final accuracy, as compared
to the 2-worker or the full model cases.

While LOFT inherits the memory efficiency from model-

parallel training methods, it further reduces the communica-
tion cost from 1.38x up to 126.27x, as shown in Tablem
Similar behavior is observed in comparison to data-parallel
training methods: the gains in communication overhead
range from 1.38x to 2.34x. We note though that in this
case, for a sufficiently large model, it could be the case that
the model does not fit in the workers’ GPU RAM; in contrast,
GPipe and LOFT allow efficient training of larger neural
network models, by definition. This overall improvement by
LOFT is achieved by ¢) changing the way of decomposing
the network such that each worker can host an indepen-
dent subnetwork and train locally without communication,
which greatly reduces the communication frequency; and
i) each worker only exchange the weight of the subnetwork
after each round of local training instead of transmitting
activation maps and gradients.
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Figure 4: filter distance with respect to final ticket throughout pretraining process

accuracy

1 5 10 15 20
epoch
—— LOFT PR=0.8 —— baseline PR=0.8 ---- no pruning

= LOFT PR=0.5 - baseline PR=0.5

Figure 5: Final accuracy after ¢) selecting a ticket drawn at
different epochs for training (x-axis), and i) further training
the selected ticket for 90 epochs, as described in the main
text. This plot considers the CIFAR100 case. “PR” denotes
pruning ratios.

LOFT converges faster and provides better tickets
throughout pretraining. We provide a closer look into
some empirical results that showcase LOFT’s ability to pro-
vide better tickets early in training. In Figure 5} we sampled
different tickets (every 5 epochs) from the first 20 epochs
in pretraining, and report all their final accuracy after fine-
tuning. We can see that LOFT yields better tickets (higher
final accuracy) compared to the Gpipe baseline. This shows
that LOFT does not rely on a particular pretraining length
and provides better tickets throughout pretraining.

To better compare the filter convergence, we calculated the
filter distance between filters in the final epoch and filters
in the previous pretraining epochs. As described above, the
filter distance measures the change in the rankings of the
filters. A larger filter distance means the important filters
have not yet been identified as the top-rank filters. As shown
in Figure [4]

LOFT quickly and monotonically decreases the filter dis-
tance to the filters in the final epoch, showing it is able to
efficiently identify and preserve the correct winning ticket.
In the more challenging ImageNet dataset, LOFT can de-
crease the filter distance faster than the baseline pretraining,
which suggests LOFT is a better way to find the winning

ticket by providing some acceleration in filter convergence.

7 Related Work

Algorithms for distributed training may be categorized into
model parallel and data parallel methodologies. In the
former (Dean et al.| 2012} |Hadjis et al.| |2016), portions
of the NN are partitioned across different compute nodes,
while, in the latter (Farber and Asanovicl 1997, |Raina et al.)
2009)), the complete NN is updated with different data on
each compute node. Due to its ease of implementation,
data parallel training is the most popular distributed training
framework in practice.

As data parallelism needs to update the whole model on each
worker —which still results in a large memory and computa-
tional cost— researchers utilize model parallelism, such as
Gpipe (Huang et al.||2019), to reduce the per node compu-
tational burden. On the other hand, pure model parallelism
needs to synchronize at every training iteration to exchange
intermediate activations and gradient information between
workers, resulting in high communication costs.

Following recent work that efficiently discovers winning
tickets early in the training process (|You et al.| |2019), our
methodology further improves the efficiency of LTH by
extending its application to communication-efficient, dis-
tributed training. Furthermore, by allowing significantly
larger networks during pretraining, we enable the discovery
of higher-performing winning tickets.

Previous work by (You et al.||2019) proposed mask distance
as a tool for identifying winning tickets early in the training
process. Mask distance considers the Hamming distance of
the 0-1 pruned mask on batch normalization (BN) layers.
While similar in motivation, our filter distance criterion is
fundamentally different. The two methods aim to capture
totally different parts of the training dynamic. Filter dis-
tance profiles the ordering of convolutional filters, while
mask distance captures the activation of batch normaliza-
tion layers. Filter distance models the pruning process as a
ranking whereas mask distance models it as a binary mask.
Furthermore, filter distance is a consistent measurement that
does not depend on the pruning ratio whereas mask distance
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can only be calculated with respect to a specific pruning
ratio.

Recent works (|Liu et al.| 12022 |Sreenivasan et al.| |2022)
demonstrate the ability to find winning tickets without pre-
training. However, compared with these works, pretraining-
based pruning methods still enjoy superior performance.
(Liu et all |2022) compare the performance of random
pruning methods only against unpruned dense network and
heuristic-based pruning; not with pretraining-based meth-
ods. (Sreenivasan et al.||2022)’s method is only comparable
to IMP when the resulting subnetwork is highly sparse: in
such a case, both methods no longer have a matching per-
formance with the dense network training.

8 Conclusion and Discussion

LOFT is a novel model-parallel pretraining algorithm that
is both memory and communication efficient. Moreover,
experiments show that LOFT can discover tickets faster
or comparable than model-parallel training, and discover
tickets with higher or comparable final accuracy. Immediate
future work is, with more computation budget, testing LOFT
with larger models and more challenging datasets. We are
also curious how the accuracy will scale as we use more
workers. Finally, it is also an open question whether we
can further automate the pretraining process by using some
adaptive stopping criteria to stop pretraining to identify
winning tickets without hyperparameter tuning.
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A Detailed Mathematical Formulation of LoFT

For a vector v, ||v||, denotes its denotes its Frobenius norm. We use P (-) to
denote the probability of an event, and I {-} to denote the indicator function. For two vectors v, va, we use the simplified
notation I {v1;va} := I {(vy, v2) > 0}. Given that the mask in iteration ¢ is M, we denote Epnr,) [-] = Enm,...,Mm, []-

Recall that the CNN considered in this paper has the form
10x.0) = (a,0 (W1d () )

Denote x = d) (x). Essentially, this patching operator applies to each channel, with the effect of extending each pixel to a

set of pixels around it. So we denote X(J ) € R94 as the extended jth pixel across all channels in the ith sample. For each
transformed sample, we have that ||X;|| » < /q||x;||z. We simplify the CNN output as

f(x W) = (a,0 (W ® %)) ZZaTJJ(<)2(j)7W7,>)

r=1j=1

In this way, the formulation of CNN reduces to MLP despite a different form of input data X and an additional dimension of
aggregation in the second layer. We consider train neural network f on the mean squared error (MSE)

cow) =7 (X W) -y =30 W) -

Now, we consider an S-worker LOFT scheme. The subnetwork by filter-wise partition is given by

fe (X, W) sz arjo (< G, r>)

—1j=1
Trained on the regression loss, the surrogate gradient is given by

vw7 ‘Cm( ) m(é) Z Z fm( 5) Xza ) yz) arjf(l('j)l[ {XEJ)7 W’r}

=1 j=1
We correspondingly scale the whole network function
= gz Z QrjO <<)2§j), Wr>>
r=1j=1
Assuming it is also training on the MSE, we write out its gradient as
SZZ (% W) — 1) v, (7)}1{ 2 0). }
=1 j=1

In this work, we consider the one-step LOFT training, given by

Ny &
Wert+1l = Wt — 1 E vwr m(S) Wr,t)
Nrt

r,to Tt

Here, let N,.; = max {Zf 1 m( s) 1} and N 1= = min {Zf 1 m( s) 1} Intuitively, N, ; denote the “normalizer” that

we will divide the sum of the gradients from all subnetworks with, and IV, t denote the indicator of whether filter r is trained

in at least one subnetwork. Let § = P (NTJ-t = 1) =1— (1 —¢)*, denoting the probability that at least one of {mft) }
' ) s=1

is one. Denote ugi) = f (%x;, W). For further convenience of our analysis, we define

s
Ny, 2 Vv (W)

1

S
z Tt s ).
Tt m ) gr,t -

s=1

=

L
r

g
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Then the LOFT training has the form

Writ+l = Wet — N8rt;  8rit = Z Zam ( rf - ,«tyz) (l)H {fi(j) Wrt}

=1 j=1

Suppose that assumptions in the main text hold. Then for all i € [n] we have ||x;|| - = ¢2, and for all 4,4’ € [n] such that

i# 1, we have X; 7 X;. As in previous work (Du er al.||2018a), we have ||%;|| » < \/q ||%i]| < 1. Thus, forall j € [1] we
have < 1. Moreover, since x; # x; for ¢ # i/, we then have x; # X;,, which implies that x(j) #* x(j) for all 7 # ¢/

andye[].

B One-Step LOFT Convergence

In this section, our goal is to prove and extended version of Corollary 1 in the main text, as a new theorem. We first state the
extended version here, and proceed to prove it.

Theorem 2. Let f be a one-hidden-layer CNN with the second layer weight fixed. Assume the number of hidden neurons
satisfies m = ) (% max{n, d}) and the step size satisfies n = O (%) Let Assumptionand Assumptionbe
satisfied. Then with probability at least 1 — O (&) we have that

On\ 2(1 — 6)2n3d 2(9 —¢2
Emn, ) [Ilut yII} (1— no) [l ‘y”§+0<§( mfén = (S U)

and the weight perturbation is bounded by

_ n
g 19 = wroll] <0 (35742 ) o = w1, +

neT.O<<>2f . 9—52)

m)\o mS

This is essentially a multi-sample drop-out proof for one-hidden-layer MLP, with an additional summation over the pixels
J € [t]. For completeness we present the proof here. We care about the MSE computed on the scaled full network

uk fzza U(< W7t>) L(W,) = Hut—yllg

r=1 ]—

Performing gradient descent on this scaled full network involves computing

WQz{ii(ugi) y)a X(J)]I{ ), Wr,t}

i=1 j=1

B.1 Change of Activation Pattern

Let R be some fixed scale. For analysis convenience, we denote
A = 3w w = woll, < BT {xsw} £ 1{x75 w0}

Note that Al(» happens if and only if ’< %7 , W 0>’ < R. Therefore P (Agf)) < Kf/%. Denote

Py={rem:=aP}; Py =[m)\ Py

The next lemma shows the magnitude of PZ-J]-
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Lemma 1. Let m = Q (R~ " log ). Then with probability at least 1 — O(4) it holds for all i € [n] and j € [4] that

‘Piﬂ <3mk 'R

Proof. The magnitude of PZ»J]»- satisfies

m5l =3 1{a?}

r=1

The indicator function I {A(j )} has bounded first and second moment

s [1{42}] - (4) < 5
s [ (18 - [ {2 1] e (4] < 2

This allows us to apply the Berstein Inequality to get that
P(iH{AEi)} jf+mt) < exp <—m>

Therefore, with probability at least 1 — neexp (—mx ™' R) it holds for all i € [n] and j € [1] that

|PE| = i}l {49} <3me'R
r=1

Letting m = Q (R~ log %) gives that the success probability is at least 1 — O(6). O

B.2 Initialization Scale

Let wo,, ~ N (0,+2I) and a; ~ {
with the initialization scale

- \F’ - \ﬁ} forall r € [m] and j € [¢]. We cite some results from prior work to deal

Lemma 2. Suppose k& < 1, R < 1/ 45. With probability at least 1 — e™%/32 we have that

||W0||F<K,V2 \/7R

Lemma 3. Assume x < 1and R < \f With probability at least 1 — ne™ 32 over initialization, it holds for all i € [n] that

m

2
g (Wo,r, %) < 2mk? — mR?
r=1

n m
E E (Wo,r, X;) g 2mnk? — mnR?

i=1r=1

Moreover, we can bound the initial MSE

Lemma 4. Assume that for all i € [n], y; satisfies |y;| < C for some C' > 0. Then, we have

Ew,a [y —woll3] < (71 +C%)n
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Proof. It is obvious that Ew, a {u(() )} = 0 for all i € [n]. Moreover,

Ew,.a [uéi)ﬂ = Z Z Es a”ar] | Ew, [a <<X§j),W07r>) o (<§(§j/),wo,r>)]

ror’'=1j3,7'=1

22w [ (57 w00)) ]

r=1j=1

1 m L .
A3 (5

L71

IA

IN

Therefore

Ew,.a [Huo — yHi} = iEwo,é [(u(()i) _ yl)j] _ Z (Ewo,a [ (4)2 } +yl) < (L—1 _|_02) n
i=1 ;

B.3 Kernel Analysis

The neural tangent kernel is defined to be the inner product of the gradient with respect to the neural network output. We let
the finite-width NTK be defined as

O =3 3 arany (5. 30) 155w, V{5 w, )
r=1j,j'=1

Moreover, let the infinite width NTK be defined as
1 < NEN? N7 N7
HSS = = Z <XE]), XE,J)> Ewn(0,1) []I {xgj); w} I {XE,]); WH
j=1

Let Ay = Amin (H™). Note that since X; |f %;/ for ¢ # i’. Thus &Ej) LY)EE,J) fori # i'. (Du et al||2018b|) shows that the
matrix H(j) , as defined below, is positive definite for all j € [i]

H(j)55 = <§(§j)7§(z('7)>Ew~/\/'(O,I) [H {fcgj);w} {x(,j), H

Since H*® = ;2 Z;Zl I:I( J)°°, we have that H® is positive definite and thus Ay > 0. The following lemma shows that
the NTK remains positive definite throughout training.

Lemma 5. Letm = Q (\;°n?log 2). If for all 7 € [m] and all ¢ we have ||[w,.; — Wy0[l, < R := O (£22). Then with
probability at least 1 — § we have that for all ¢

Ao

Amin (H(t)) Z 7

Proof. To start, we notice that for all r € [m]
EWo,a Z awam/ﬂ{ ) WTo}H{)A(Z(./j/);WT’O}
3=
1 s N7
- hmenvon B (s )
Moreover, we have that

Z tnng < () A<j>>1[{ ). WrO}]I{kE?’>;who} <1

J,j'=1
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Thus, we can apply Hoeffding’s inequality with bounded random variable to get that

P (|H(0);, — > t) < 2exp (—mt?)
Therefore, with probability at least 1 — O() it holds that for all 7,¢’ € [n]

iz’

3

|H( )1 i 1

Qo
o
>

é

which implies that

logé~t 41
[H(0) - H=| < |H(0) - 1<), < (10807 *logn)

NGD

Aslongas m = Q (\;°n?log 2) we will have

H(r) -~ H) < 2

Now we move on to bound |H(¢) — H(0)||. We have that

H(t);: — Z Z y iy < 28 A(J )> ﬁaljz)
r=1jj5'=1
with
09 1 {50 {5}~ 1{ 000 b1 {50
We observe that \zr et )| only if A A(J ). Therefore
; i’ 4R
Bw [:07)] <P (aD) +P(40)) <
W 2,7 — r rr — [{\/ﬂ
For the case j7 = j’, we first notice that
Ev [(g;;p —Ew [:07)]) ] < Bw [:07)7] < 4R
7,0, 2,1 — 7,0, ~ ko
Thus, applying Berstein Inequality to the case j = j’ we have that

22
(erjljl) > m( W |: 511):| +t)> < exp (_K}'I’ntﬂ')
For the case j # j', we notice that

(G3)] _
EWa |:a"’Ja"‘]/Zrz7/ =0
Moreover,

4R

T 2meV 2T

ig 2 ]. Y 4
Ewa {(“rjarjfzifzfi/’) } = B [0 < o

pim? T ptm2krV 27
Applying Berstein Inequality to the case j # j', we have that

m 2
G ¢t mrt N 2m
P < > 1arjarj’zr’i)i/ > ﬂ) < exp (—
r=

8(1+%)R

i ,,z(jyj')
rjry Zp i
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8(1+%)R

Combining both cases, we have that with probability at least 1 — (2 exp ( — M) , it holds that

2R
[H(t):0 — HO)ir| <07 'Bw [2970)] 40 < 22482
PR

TZZ

log

Choose t = k' R. Then as long as m = , it holds that with probability at least 1 — O(0)

‘H(t)i il H(O)i,il| S 3/‘6_1R

)

This implies that
[EL(t) — H(0)[l, < |[H(t) — H(0)[|» < 3ns™'R

Thus, ||H(t) — H(0)||, < 22 aslongas R = O (%0) This shows that A\, (H(t)) > 7‘) for all ¢ with probability at least
1—0(9). O

B.4 Surrogate Gradient Bound

As we see in previous section, the one-step LOFT scheme can be written as
~ 1 ~ (7 ~ (5
Wert+1 = Wt — Ugr ts gr t — Z Z aTj (’LL f Nrﬁtyi) XEJ)H {XEJ); Wr,t}

with ﬂff% defined as

The mixing of the surrogate function ai’i can be bounded by
as (1] = 3030 DB, |

1
(s) ert &(9)
’r’ t’ Ni Ay O XM, W
s=1r'=1j=1 Tyt

:gaiiarjo(<i”)7wr,t>) (1-¢ 92% ((x,we))

r'=1j=1

= oul”) + (1-¢)0 Z rj0 (<5‘5j)’ WT¢>)
j=1

e

S

Therefore,

]EMf grt ZZQT‘]EMt |:ut Nlty:| A(])H{ (J) Wrt}

=1 j5=1
:gflevwwﬁ(wf 17 ozza /6() (])H{ (J) }
=1 j5'=1
€rt
Now, we have
(1) 1 . n () n
€rt| S =W, lerell, < T Ert| < ooy W el
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Moreover, we would like to investigate the norm and norm squared of the gradient. In particular, we first notice that, under
the case of N, = 1, we have

gr,t = g 1VWT‘C Wt + Zzam ( gz 1(51)) )A(EJ)H {)A(z('j);wr,t}
=1 j=1

Thus, we are interested in ||@1,.; — u;||,. Following from previous work (Lico and Kyrillidis||2021) (lemma 19, 20, and 21),
we have that

2
& ifr#r 0= ifr £

E Upor g | N&H =1 Var (v, =1 S
Mt[ ’ 7t| it ]{1 if?":?"/ ( t| t ) 0 if’r‘:’l"/

Therefore

2
7ZEMf ZZ Vrep't — ar] <<X Wr’t>) |NJ' =1
r=1j—1
2
£ bl s] Eo e
i=1 /=1 j=1

¢ L3S o0 58] ()

i=1r'=1 j=1
v . 2
< E;;Var Ve | Npby = 1); (<X§j),wr',t>) n
1< - 2
S [ 54 1] o ()
< Zzz<(a>w,t>2 Lg €2) iix 0 w >
_mLS riri=1 j=1 ' i=1 j=1 "

With high probabilty it holds that

i Y i:< () wr0> < 2mmik® — mnuR?
r=1i=1 j=1
Thus, with sufficiently large m, the second term is always smaller than the first term, and we have
Ent [||uM —w |} | N = 1] < 8nk?(0 — €2)S7!
Now, we can compute that

Ban, (gl | N = 1] = B, || 305 s (a8 - af?) 501 {5 Y | Mo = 1] +

=1 j=1

E10 IV, £ (W),

n - n
=1/ E]EMt [laye —wglly | Npy = 1] + 04/ o u: = yll,
w28 0,/ — v
- msS m iz
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And we know that g,.; = 0 when N,ft = 0. Therefore,

0 — &2 n
En, [llgrelly] < Onkyf Ry 92\/ - lur —yll,

Similarly
2n - 20%n
En, [llgrell} | N5 = 1] = T B, [0 = will3 | Mo = 1] + = ue — vl
1612 k2 (9 — 52) 20%n 2
< _
< s + [
and thus

9 160n2k% (0 — £2)  20°n 2
En, [lgrell3] € ——————=+ =" — v}

B.5 Step-wise Convergence

Consider

2 2 2
En, [Hutﬂ - Y||2} = |lu; — Y||2 —2(w — w1,y —y) + flug — ut+1\|2
= Ju =yl =2 @+ Loy up —y) + [Jus — wpa |5

2 2
< —ylly =2 T, w —y) + 2| Loelly lae = yllo + lwe — wepa|ls

Let P;; = {T € [m]: ﬁAEz)}. Here I ; and I, ; are characterized as in previous work.

17 =32 3 o (o (37 w) = (57w
5 =30 3 ani (7 ({5 w) o (3 wi1)))

We first bound the magnitude of I ¢

i 1 ¢ (7 4y
)= 5 [l () o (o))
j=lrepi
1 L
< ; mz Z Wt = Wripall
J=1reP;;
77 L
<SS gl
Jj=1 TEP,;J‘
n - 0 —¢&2 n
< N -3mr'R - (nﬁ\/TS—F 9\/;”1% - Y||2>

0—¢?
S

=3k '0nvnR ||lu; — y||, + 3R
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Thus
B, (I ell,) < Ene, [ﬁmaﬂféfz ]
1= maxzz M, [llgrell,]
=1reP;;
n -1
<n -3mk~ R - | nkb Hut Vs
m
=3k 10*mR |Ju; — y||2+3677n2R\/ S
Therefore,

Ena, [|T2]l, e — ylly] < 60nns™ Rjw, —y|3 + 35710 (6 — &) yn’kR
Letting R = O (#22) gives that

Enm, [ITz.ell, [lae = yllo] = O (0nXo) [[ue = w5 + O (0nro(0 — €3S ns?)

As in previous work, I\") can be written as

o (1] = €30 3 e, [o (57 900)) =0 (57 w00

j=1reP;
= 52 Z Qrj <  Enm, [WT t— W7'7t+1]> I {ﬁgj)§wv-,t}
j=1reP;;
=§772L: > a <X g >H{f<§j);wr,t}
j=1reP;
_ neji;g;” ars <§c§j>, N (Wt)> i {x >,wr,t} n
E1-900Y Y ans (39, e Y5, )
j=1lrep;

j=1r€eP;;
0> (0w~ HO) (u ) +
=1
f—¢ gnZZam< ert>]l{5< )W'r't}

Vi, t

Note that

L — d
idl < €A =E)0nm™= Y lenell < 1 = fmmm™" Wil < O (5(1 - fswmm\/;)

r=1
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This implies that

=1
S e (1~
=1
=n0 (u, —y, (H(t) - H(t)") (w >+'Yrt( o yi)

> nb (/\min (H(t)) — Amax (H(t) )) lu; — Y||2 -
> bl ~ i

> 10 (Amin (H(1)) = Amax (DY) [, = 3 -
Vi max -yl

Z 1’}9 (/\min (H(t)) - /\max (H(t)L) -0 ()‘0)) Hut - y”g -
E2(1 — €)%0nn3K2d
o )

m>\0

For H(t)* we have that

Amax (H(0)” < [HO [
< Z Z Z A < (]) AE]ZJ )>]I{kz(])7wr,t}H{)A(E?;,j/)’wrt}
3,8’ =1 7,J'= ITEPLJ
n? 2
< pooc) (max| |)
< n?k2R?

Choosing R = O (#22) gives
Amax (H(t)T) <O (Xo)

Plugging in Apin (H(¢)) > %, we have

201 _ £\2000,3 .2
Bag, (e = 1) 2 100 (5 - 0 ) s -y - 0 (S0

m)\o

Lastly, we analyze the last term in the quadratic expansion

En, ||ut_ut+1||§:| Z]EMf [( _U‘E*)l)1
35S (o (5 0)) (8 )

i=1 j=1r=1

<SS B, [l

i=1 j=1r=1
<0 (0°n*n?) lu, — yl5 + O (On°n*k* (0 — €%) S77)

Lettingn = O (%) gives

En, [[[e = wea]l3] O 0mho) e = 3 + O (9mdor? (6 - €2) 57)
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Putting all three terms together we have that

201 _ \20,0,3,.2
Ba, [l — 18] < (1= 0020 (1= 00) s~y + 0 (=LY
m)\o

(0] (917)\0(0 — ﬁz)Sflnﬁz) + 0 (977)@/@2 (9 — 52) Sil)

For a sufficiently small constant in the upper bound of R, we have that

2 _ 2,3 2 0 — 2
Eat, {[loes v < (1— en;()) lae = 15 + 76200 <§ (L= ¢’ ns? (0 - ¢ ))

mA2 S

Thus, we have that

¢ 2(1 _ £)2,,3 2(p_ g2
E[Mt—l] [Hut -yl } <1 077)\0) ||u0—y||§+0 (f (1-¢&"n°d n nk ( £ ))

2 mA2 S

B.6 Bounding Weight Perturbation

Next we show that ||w,.; — W, o||, < R under sufficient over-parameterization. To start, we notice that

t—1
Epn,_y) [IWrs = wroll,] <7 By [[Wre1 = wrwll,]
t’=0
t—1
<0y Epa, [llgrell,)]
t’=0

= 5 [N 6 — &2
= ”tgo (9 \/;E[M,,/_g (e = ylla] + Oney [ —= )
t—1 —z
= ’792\/321%@1] [lae = yllo] + ntbnsy/ =
\- nfXo 6 — &2
< ne\/iﬂuo -yl Z (1 - ) TR\ =t
6T . O <5< iV | _,52>

m>\0 S

1 In
SO<)\01 m) ||110—Y||2+

noT - O (5(1 Sl +nK = 62)
mo mS

where the last inequality follows from the geometric sum and 8 < O (fl). Using the initialization scale, we have that

1 wivd [T
Ew a,[M,] [||WM — WT’70H2} <0 (Aglnm’i) + 00T - O ( (1- m)\o é )

With probability 1 — 4, it holds for all ¢ € [T] that

nk £ —n*KVd 0-¢
_ < - . e
||Wr,t Wr,0||2 <0 <>\5\/m> +n0T - O ( mog t ks mSd

To enforce ||w,.; — W, ol[, < R := O (“22), we then require

SKQ
m—Q<;52 5 max{n, d})
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C Proof of Theorem 1 in Main Text

To start, we consider LOFT with one local training step. By the definition of the masks, each filter is included in one and
only one subnetwork. We consider the set of weights {W} training using LOFT and the set of weights {W,} trained using
regular gradient descent

Z Vw, L <s> (Wt);s W1 =W — 1€ 10V, L (Wt)

Wrt4l = Wrt — 77

Nrt

From the last section, we know that with probability at least 1 — O(9), it holds that

n
_ < "
s = wrall, <0 (5=

Also, notice that the iterates {Wt} is the same as LOFT when S = £ = 1. So we also have

~ ~ n
er,t - WT,O”Q S 0] (/\0\/%>

Therefore, naively we have that

. n
HWr,t - Wr,t”g <O (W)

Therefore, we can write R := O ( ) (0] (“AO) under sufficient overparamterization. for sufficient overparamteriza-

Xov/m
tion. The scaling here is for mathematical convenience in our analysis. We start with expanding the squared difference of

the two set of weights in iteration t 4 1

2 R . .
5 F2(Wpp — Wi, Wepg1 — Wyt 1 — Wrp + W) +

. 2 .

[Wrtt1 = W lly = |wre — Wy,
||Wr,t+1 — Wytt1 — Wrt + Wr,tH;

- ||W'r,t - VAVntHi - 277 <W7‘,t - vAVT’,tu rt — eva.E <Wt)> +

772‘

o5 ()]

Therefore

- 2 -
[Wesr = W = [we =

2 m .
-2 < T *Ar yor,t 710vw E(W)>
» T]; Wrt — Wri, 8t — & , t) )+

Q1

AT (Wt) Hz

m
'y ‘
r=1

Q2

To trace the dynamic of HWtH — Wt+1 ,

order of the gradient difference) on the right-hand side of the equation. Denote them as nQ; and 7?Q», respectively.

C.1 Analysis of the Second Term (),

In previous section, we have seen that

Em, [gr,t} = filevwrﬁ (W) + (1 — f)eﬁr,t
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Therefore,

Em, [<WM — Wi, 8rt — {10V, L (Wt> >]

= €710 (Wpp = Wi, Voo, £L(W0) = Ve, £ (W) )+
t
(]— - 5)0 <Wr,t - wr,ta 6r,t>
In previous section, we have

Ne 1 | n
&) < T wrallys lendlly < = 180 < o wrll,
Therefore
“ . - . n’k | d
Z (Wit — Wi, €r0)| < Z [Wre = Wrlly llenell, < <1/ —
r=1 r=1 AO m

Denote the last term as /AA;. For convenience, we denote ugi) = f(%xi, W;) and ﬁgi) =f (5(2-, Wt). Moreover, we have that

Vo £ (W) = Vo, £ (W)

n L

=62 Yo ((uf? = 9) 1z 5w} = (@ =y ) 1 {5 w0, })
Our goal is to study the term
a) = i (Wrt = Vs, Voo, £ (W) = Vo, £ (W) )
r=1

And we have

m n L

01 =SS (30w ) = (39 w0))

r=1i=1 j=1

((u? =) 1 {xP 5w} = (@ =y ) {5 w0 })

s

We should notice that

<)A(1(‘j)a Wr,t> H {)25])7 Wr,t} =0 <<)21(])7 Wr,t>) 3 <)A(§J)7 VAVT,t> ]I {k(]); Wr,t} =0 (<)A((J) Wr,t>)

Therefore,
m n L .
a1 =333 ans (o (7 wr)) = (e ) ) (0d? — €al?) + 2
r=11i=1 j=1
n . 2
Y (uf - )
i=1
with

== Y ay (1{xsw )~ 1 {50}
(3700 (187 = ) = (27w (2 1))

Recall the definition of F;;, we then have that for all r € F;;

&P we = 1{x5w,0 ) = 1{&75w,, )
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Therefore, for r € P, we have that

0,7
e i
(J j

Therefore

i <§(§J)7 Wr,t>

(@)

("

o )| 5 ol )
i=1 j=1 rePi;
§RVn _
1P5 (e =yl + o = yll,)

w/m
Sg\/ﬁ p Z arj

reP;;

i )
o/ (llae = ylly + [t = ylly)

s 1 =
<x§]),w7-,0>‘ + Y (Ihae = ylly + o = yllo) +

Note that | P;;| < 3mr~!' R. Now we consider two cases of R:

Casel: R < - Then |P;;| < 3’””3 . Then with high probability we have

0 m4
(i 1 3nvVd
3 ay <x§”,wr,0>\ < =Pl Iweolly <
rep; ofRpm
. > 3nym ‘s g () ()
Case 2: ,\0m4 SR < 0= Pij| < =Y.~ In this since Hxl H2 = 1 for all ¢, j, we know that< : w,.0> is

Gaussian. Thus v\/ma,;

< 57 , W 0>’ is Gaussian. Apply Hoeffding’s inequality

P Z Arj

reb;;

<X(J) Wr0>’ > Ll\/ld < exp (— |Pyj|t?)

for all . Thus, it holds with probability at least 1 — O(¢) that
| Pij| log % < /nlog %

<
ZQ”K WTO>‘ - t/m = VAormit

Combining both cases, we have that with probability at least 1 — O(9) it holds that

(S

1
Aoktmi

<

Therefore, we have

 (lue — YH2 + [[a — YHQ)
m

Thus, the second term is bounded by

. 3¢vnidd . n’k [ d
Q1 < — |luy — @l + — (e —ylly + [0 —ylly) + —/ =
Aokm1 Ao Vm
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C.2 Analysis of the Third Term

Notice that

gre — €0V, L (W) =Z (59 = 0u?) = (V5 = 0) i | anyxV1{a; w0}

Therefore,

L

‘ = 20 5% o (5507) (4 - ) (610 - 44))

grit — f_levw,.ﬁ (Wt)

i.4'=14,7'=1
1 Z Z< NO) A(J)> (qu _ Ag%) (Aft) —Ag,t))
i,0'=175=1

For ¢ # 4/, we notice that

Therefore,we can write

Ep, “ gre — €10V, £ (W) Hz] < # Zn: S Z (=, %) e+
i=1i/#i j=1
AD _ AD)
E;;EMt [( 1,t A2,t> ]
_£)202n2
< 2O 2
I -\ CEENOL
m ;;EML [(A1 t A2,t> ]

Studying the second term above requires analyzing
First, we have that
M, [A;ﬂ = Ena, [N, — 20N +62] 52 = 0(1 — 0)y? < 6(1 — 6)C>

~ (1) 1~ _ ()

Notice that, by our definition of N, wand u; ', we have N, . Therefore,

Baa, [A0A8)] = EMt[: _ov; tup o + 2l

)
t
0) (ut” + (1 - ") s

Note that % ~(Z) has the form

=355 (i) o (50 )) =33 (40.)

r=1j =1
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N, 5 )

by defining v, . ¢ = - =D e My My Lastly, let Dy v + = v+ ¢ — &0, then we have

2

= EMt i i (J,T/jﬁr’rgtd <<)A(§])7 Wr’,t>)

=1 j=1

< LEMt Z Z Zarljargj’/r 71, tVr r! fU (< ( ) Wv"l t>) g (<§(§j)7wr2,t>) +

ri=1rqo#r, j=1

L |5 it (3w

r'=1j=1
() 2
mi Z ZEMt I/rr/t o (<§(J Wrt>)
r/ 15=1
() ?
ZZEMt l/rr’t <XJ 7Wr,t>
r’ 15=1
We need several property of v, ¢
2
o ifr £ ) €202 4 L0280 gpg £y
E r,r! - E i - S
M, [V ,T ,t] {9 lf’l’ _ ’]"I M, [Vr,’! ,t} 9 lf’]" _ ’[‘/

Thus,

0>(1-¢) : ’
IE:Mt []}fr’ t] = 9 lfT 7& "
e 0 — 260% + €202 ifr =1’
and therefore
2 TN 20— 266% + €202 20%(1 — &)r?
w [A07] < P8 S5 (50w, ) L2 e 20O
r'=1j5=1

for sufficiently large m. Thus,

i i 2 2921—§I€2 i 2 01—520
Baa, | (A1) - 88) ] = ZEEOS o0 - 0) (- )+ PO

Putting things together, we have that

- 2 (1—¢)%0%n? 202(1 — &)K*n

o [l 6 0% €OV £ T sl 2O
0(1 -0 0(1—£)%Cn
Q | — YH§ + %

Therefore,

(1- 5)?{32712%%[ n 202(1 ;{)H2n+

0(1 — €)>Cnr\/d
vm
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by taking n = O (—g) Let’s first make some simplifications. Notice that by choosing kK = O (ﬁ), we have
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Thus, taking the total expectation
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