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Abstract

Parallelly executing multiple training jobs on overlapped datasets is a common
practice in developing deep learning models. By default, each of the parallel jobs
prepares (i.e., loads and preprocesses) the data independently, causing redundant
consumption of I/O and computations. Although a centralized cache component
can reduce the redundancies by reusing the data preparation work, each job’s
random data shuffling results in a low sampling locality causing heavy cache
thrashing. Prior work tries to improve the sampling locality by enforcing all the
training jobs loading the same dataset in the same order and pace. However, such
a solution is only efficient under strong constraints: all jobs are trained on the
same dataset with the same starting moment and training speed. In this paper, we
propose a new data loading method for efficiently training parallel DNNs with much
flexible constraints. Our method is still highly efficient when different training
jobs use different but overlapped datasets and have different starting moments
and training speeds. To achieve this, we propose a dependent sampling algorithm
(DSA) and a domain-specific cache policy. Moreover, a novel tree data structure is
designed to efficiently implement DSA. Based on the proposed technologies, we
implemented a prototype, named JOADER, which can share data preparation work
as long as the datasets are overlapped for different training jobs. We evaluate the
proposed JOADER , showing a greater versatility and superiority of training speed
improvement (up to 200% in ResNet18) without affecting the accuracy.

1 Introduction

The rapid development of deep learning frameworks and tools [3, [22] has enabled and facilitated
researchers and practitioners in a multitude of disciplines (e.g., physics [28]], chemistry [18]],
biology [12]], and Earth science [23] in addition to computer science) to start developing their own
DNN models solving various problems at hand. In such cases, they usually need to simultaneously
run multiple training jobs on the same dataset or overlapped dataset due to the purpose of model
selection [[15], hyper-parameter tuning [6], network architecture searching [25], etc.

Although widely used, the training of DNNS is usually time-consuming and tricky, which may affect
the development efficiency, especially for general users from fields other than artificial intelligence.
In literature, various approaches have been proposed to reduce the DNN training time such as
data preparation optimization [4], communication overhead reduction [[10, 9 29], GPU memory
optimization [8, [16}26]], and compiler-based operator optimization [7, [13}[17].

!This could happen when we train models on different datasets sharing a particular portion of data, e.g.,
running the full experiment on ImageNet and further tuning parameters on TinylmageNet [L1]).
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Different from the above existing work, our focus is on the data preparation aspect, or more
specifically, the data loading aspect, in the context of parallel DNN training. On the one hand,
Mohan et al. [19] have observed that data preparation, which consists of data loading and the
subsequent data preprocessing, occupies a significant portion of parallel DNN training time. This is
due to the fact that multiple training jobs on the same data copy essentially create redundant data
preparation efforts. Ideally, to reduce the load of hardware and boost the training efficiency, the
prepared data should be cached in memory and serve for multiple jobs. However, the cache may
thrash with a high probability as each job adopts a fully random shuffling strategy that independently
shuffles the dataset in each epoch. On the other hand, it is until recently have some studies investigated
the shuffling process itself [20L (19} 21]. These studies investigate to what extent the fully random
shuffling is required and have observed that various shuffling strategies breaking the full randomness
still yield competitive results. We name such randomness as correlated randomness as opposed to
the full randomness. For example, prior work [[19, 20] proposed to solve the cache thrashing issue by
enforcing that all jobs iterate over the dataset in the same order and pace, and observed no accuracy
loss. However, such a solution maximizes its performance under some strong constraints, i.e., all
training jobs have to start simultaneously, use the same dataset, and have similar training speeds.

This paper proposes a new data loading method for training multiple parallel jobs. Specifically, we
aim to relax the constraints of prior work in three aspects: 1) all jobs can start and end freely, 2)
different datasets can be used as long as they are partially overlapped, and 3) jobs’ training speeds
may vary widely. For the above purposes, we first propose the dependent sampling algorithm (DSA)
to schedule the sampling for each job while ensuring their correlated randomness. DSA is inspired
by the correlated sampling theory [5] and it mainly involves three steps: 1) divide the dataset into
two parts of intersection set and difference set, 2) correlate the selections between intersection and
difference, and 3) share some operations for the intersection set to improve locality Furthermore, we
design a domain-specific cache policy RefCnt that is tailored for parallel DNN training. It is aware of
the fact that all jobs iterate over the dataset once in an epoch, and thus it can evict data that is least
likely to be used in the near future. Finally, we design a novel data structure dependent sampling tree
to efficiently implement the DSA by elaborately organizing the intersection sets and difference sets.
Based on the above technologies, we implement a prototype system named JOADER and integrate it
into PyTorch for evaluation. The evaluation results show that JOADER can boost training efficiency in
more flexible cases. For example, it achieves up to 200% training speedup when models of different
sizes are parallelly trained without affecting the accuracy.

The main contributions of this paper inlcude:

* A new dataloader for parallel DNN training on overlapped datasets.

* A sampling algorithm to increase the sampling locality with guaranteed randomness. The algorithm
reaches the global optima when there are two training jobs.

* A domain-specific cache policy and a novel tree-based data structure for efficient implementation.

* Experimental evaluations demonstrating the performance improvements.

The rest of this paper is organized as follows. Section 2 introduces the background information.
Section 3 describes the dependent sampling algorithm and our cache policy, followed by the
description of the dependent sampling tree in Section 4. Section 5 presents the evaluation of
the implemented dataloader JOADER. The paper is concluded in section 6.

2 Background

2.1 Problem Statement

In each epoch, a DNN training job sends data requests to the storage device and passes through
the dataset in random order. For the brevity of the presentation, we assume that each data request
involves only one data point/element, and we name the data access order over all the data elements
as the access path for each epoch. Consider an example in Figure[I] where we assume two training
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Figure 1: The access path of two training jobs. The target is to maximize the probability of sampling
the same element in each round for all the jobs.

jobs are running, and the two sampled data elements (‘e1’ and ‘e2’) requested by the two jobs are
packaged and prepared together in one round.

Cache can hold the prepared data to serve the future duplicated requests. To fully utilize the cache
when multiple DNN models are being trained simultaneously in a server, one could generate a
cache-friendly access path by encouraging all jobs to request the same data within a short period, i.e.,
improving the sampling locality in each round. Meanwhile, we still need to ensure the correlated
randomness for each job. To this end, we formulate the problem as follows:

Problem 1 Assume there are n training jobs on overlapped datasets, where the i-th job J; trains a
model on dataset D; with cardinality | D;|. In each round, p(eé) = 5” indicates the probability of
data element e; being picked via sampling uniformly at random by J;. For a given round, the goal is

to maximize p(e! = e? = ... = e"), while maintaining p(e') = |5;‘.

2.2 Related Work

Dataloader for multiple training jobs. Cerebro [20] is proposed to avoid redundant data preparation
work for the task of model selection. It partitions the dataset across the servers into clusters and hopes
the models iterate over data from one server to another instead of shuffling data. Although it can help
avoid redundant data preparation work across servers, the work is still repeated on a single server.
CoorDL [19] provides a more general solution for hyper-parameter optimization. In one turn, it
distributes one batch to each job and caches the batch into the buffer for future usage. The batches are
evicted until all jobs have consumed them in an epoch. However, CoorDL still has some limitations:
1) all jobs must be set up with the same batch size; 2) when the jobs have different training speeds,
the faster jobs must wait for the slower ones; 3) CoorDL cannot handle situations where the jobs
arrive at different moments or are trained on different datasets.

Domain-specific caching. Crafting a cache for a specific domain is not a new idea [24]. For example,
Quiver [14] uses local solid-state drive (SSD) caches to eliminate the impact of slow reads from the
remote storage. However, it is too expensive to prepare enough memory against cache thrashing for
DNN training, especially considering the fact we need to cache not only the previous reading but also
the results of data preprocessing. In this paper, we propose a well-designed sampling algorithm to
improve the sampling locality with a small cache.

Correlated sampling. As a theoretical problem, correlated sampling [S] aims to minimize the
probability of two sampling results being equal, given that the two players are sampling uniformly at
random from two subsets of the same set. Some sampling strategies [[27] give the optimal solution for
two players. In this paper, we practically solve a related problem by designing an algorithm and a
novel data structure for efficient implementation while enjoying their theoretical results.

3 Dependent Sampling Algorithm

3.1 Algorithm Design

To solve Problem I} we propose a dependent sampling algorithm (DSA) to maximize the sampling
locality while ensuring correlated randomness. In the following, we first present the algorithm in
two-job case and then extend it to the n-job case.
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Figure 2: Dependent sampling algorithm in the two-job case.

Two-job Case. The proposed dependent sampling algorithm (DSA) involves three steps: 1)
intersection calculating, 2) dependent selecting, and 3) shared sampling. For a better illustration, we
assume two jobs J; and J; are being trained on two overlapped datasets D; (the yellow circle) and
D (the green circle), respectively, as shown in Figure[2]

First, we divide the datasets into three subsets: intersection set I = Dy N Dy and two difference
sets Dg1 = D1\ I, Dgo = D3 \ I. For the default independent sampling algorithm (ISA), which is
currently used by PyTorch, it then processes the data sampling uniformly at random in the dataset
for each job independently. As shown in Figure2a] the ISA algorithm can be divided into two steps:
selecting and sampling procedures. In the selecting procedure, each job selects between its difference
and intersection sets for sampling. In the sampling procedure, each job randomly picks an element e
from the subset chosen in the previous step. This two-step process maintains the uniform distribution
of sampling for each job.

Then, the proposed DSA takes a careful modification in the sampling procedure. As shown in
Figure[2c| if the two jobs both select the intersection set, one shares the sampling result to another.
We call this modification shared sampling. Based on shared sampling, the probability that two jobs
selecting the same element is equal to that both jobs selecting the intersection set.

To further improve locality, we need to improve the probability of both two jobs selecting the
intersection, which can be achieved according to the conditional probability, as shown in Figure 2b]
The independent events in the selecting procedure can be transformed into the dependent ones,
making the probability of the second job conditional. That is, .Jo makes decisions conditioned on the
decision of J;.

To maximize the sampling locality, we formulate the conditional probabilities of dependent selecting
in case of | D1| < |D3|. For Ji, the dependent selecting procedure is the same as that in ISA: selecting
I with the probability of %, and Dg; with the probability of ‘l%lll‘l . The selecting procedure of
Jo makes the decision according to J;. If J; selects Dy1, then Jy must select another difference
set Dgo. If Jy select I, then Jo selects I with the probability of | D | and D4 with probability

|D2|
%. Figureshows the above selecting procedure. For the case of |Ds| < | Dy

to exchange the order of .J; and .J5 to apply the above rules.

, we just need

According to above conditional probabilities, the probability of p(e; =e?)is W, which
is also the theoretical upper bound as discussed in Theorem[I] The proof of this theorem can g)e found
in ProofIl

Theorem 1 Assume there are 2 jobs Jy, Jo sampling uniformly at random from two datasets D1, Do
respectively, and the elements they sampled are e]l, e2. The probability of these two elements being

equal cannot be larger than where I = D1 N Dao.

1]
max(|Dz[,[D1])



153
154
155
156
157
158

160

161
162
163
164

166
167

168

170

171
172
173
174
175
176
177
178

179
180

+ except the first job

[ Intersection calculating ]—)[ Dependent selecting » Shared sampling

|J1[ D1 ]'Jz[ D2 jJs[ D3 i—»‘ﬂ MJZMJS bas | “JZJS@
1 .

|J1[ D1 2[ b2 Ji3[ D3 —>{J1@ Dd1 JZEI Dd2 jJS@ Dd3 —> J1 @

»2 [(Dd2 3 [Dd3 J2 n@ 3 [tpes—— w23 [1] |

\ 4

|J1[ D1 2 b2 |o3[ D3 —%J1[I1Dd1 g2( 1 | Dd2 |J3( 1 [ Dd3 —»J1
»2 [(Dd2 |93 [ Dd3 J2 J3 Dd3!

\ 4

i B ) job selects job select: T Viob |
([0 otrence 1 Jmroctn foiasos NN bt U 1 | i
Figure 3: An illustration for the n-job case of DSA. We assume three jobs {.J1, Ja, J3} with datasets
{D1, D2, D3}, and there are three possible sampling cases: 1) all jobs select intersection, 2) some

jobs select intersection and some select difference, and 3) all jobs select difference. Note that if there
is one job selecting difference, all following jobs must select difference.

N-job Case. DSA of n-jobs is similar to two-jobs at the beginning. The difference happens when
some jobs select difference sets. We need to go through the above procedure recursively for these
jobs rather than sampling in the current difference set directly, as shown in Figure[3] The reason for
recursive execution is that some data may only be shared by part of the jobs. In the extreme case, if
all datasets are mutually disjoint, then the intersection in the first recursion is empty and the DSA is
useless. Therefore, we need to further check whether there are shared data for part of the jobs.

The conditional probability for n-jobs that are sorted by the cardinalities of their datasets is formulated

as follows. 1) The first job J; selects the intersection with the probability of % while selecting the
difference with the probability of Il%”ll" . 2) If the job J;_; selects the difference set, then job .J; must
select the difference set. If job J;_; selects the intersection set, then job J; selects the intersection

with the probability of |‘DZ;‘1| while selecting the difference set with the probability of "37""‘[')7%—1'.

k3

For the above algorithm, we can observe that if one job selects the difference, then all subsequent
jobs will choose the difference, which is an important feature for the data structure in Section 4]

The pseudo code of DSA are shown in Appendix [B]for completeness. Here, we provide the theoretical
result as follows, whose proofs can be found in Appendix [D.2]

Theorem 2 Assume there are multiples jobs with the i-th job J; trained on dataset D;. The

probability of any element e being picked for J; via DSA is p(e) = ‘5,_ -

3.2 RefCnt Cache Policy

If we allow jobs to vary greatly in speed, then some data may be evicted before they are consumed
by all jobs. Therefore, we need a cache policy that can take out the data that is least likely to be
used (i.e., the data that least jobs will request) in the near future. Classical cache policies (e.g., LRU
and LFU) are not suitable for deep learning scenarios, where each training job reads each data only
once in an epoch. So the total number of request to each data equals to the number of jobs using the
data for training. To this end, if we could record the count of data request, the number of request to
this data in near future could be derived. The fewer jobs that access the data, the higher the eviction
priority of that data.

Based on the above understanding, we design the caching policy RefCnt. We maintain a reference
count for each data element. If a job will request the element in the future, we increase its reference
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count; if a job reads the data, we decrease its reference count. When the cache is full, the data with
the lowest reference count will be evicted.

4 Dependent Sampling Tree

The time complexity of DSA is O(nm), where n is the number of jobs and m is the maximum
cardinality of the datasets. The worst case happens if all jobs select the difference set in each recursion,
which means we need n recursions for n jobs. Each recursion has the time complexity of O(m)E]
To reduce the time complexity of sampling, we can maintain the intersections for DSA to avoid the
intersection calculation in each recursion, which can make each recursion cost constant time. In the
worst case of DSA, the complexity of DSA is reduced from O(nm) to O(n).

We propose the dependent sampling tree for organizing the intersections. Although the number of
intersections is 2" — 1 for n sets, only n — 1 intersections are valuable. In DSA, we only need to
calculate the intersection of datasets for those jobs that select the difference, as shown in Figure
When the jobs are sorted by the cardinality of their datasets, the job selecting the difference will
make all following jobs select the difference sets. Therefore, the possible combinations for jobs
that select the difference must be the suffixes of the sorted jobs array. For example, if there are
three sorted jobs [J1, Jo, J3], the groups of jobs choosing the difference set can only be one of the
following three sets, including [J1, Jo, J3], [J2, J5], and [J3]. Thus, the sets to be calculated are
{DyN Dy N D3, Dy N D3}.

4.1 Tree Definition

For n datasets {D1, Do, ..., D,,} in ascending order w.r.t. |D1| < |Ds| < ... < |D,]|, we need
to calculate n — 1 intersections {D1 N ... N D,, Do N ...N Dy, ..., D1 N D,}. We build a
dependent sampling tree, where each intersection is an internal vertex, and each difference set is
a leaf. Meanwhile, all vertices in a path from the root to a leaf represent a complete dataset. The
definition of dependent sampling tree is as follows

Definition 1 Dependent sampling tree is a binary tree that stores a collection of datasets
{D1, Ds, ..., Dy}, with |D1| < |D2| < ... < |D,|. In the tree, the root is the intersection of
all datasets I = Dy N Da... N D,,. The right child is the difference of the smallest dataset D1 \ 1.
The left child is a new dependent sampling tree of {Do \ I, D3\ I, ..., D,, \ I}. When there is only
one dataset, the tree has one vertex that contains the dataset.

If there are n datasets, the height of the dependent sampling tree is n — 1. Figure [da] shows an
example with three sets { D1, Do, D3} with |D;1| < |D2| < |Ds|. In this tree, vertex A contains
D4 = Dy N DyN D, and vertex B contains D = (D2 \ D) N (D3 \ D4). For the leaf vertices
C, E, and F, they maintain the other differences.

4.2 Tree Operations

When executing the DSA algorithm, dependent sampling tree should maintain the datasets into
intersection and difference sets dynamically. Furthermore, dependent sampling tree should also
support the situations when a job finishes its execution or a new job starts. In this part, we discuss the
operations provided by dependent sampling tree, which are sampling, deletion, and insertion.

Sampling. The intersections of the flow in Figure[3|can be represented by one or multiple vertexes of
the rightest path in the dependent sampling tree. Thus, the process of DSA is to traverse the path
from the root to the most-right leaf in the tree. When traversing to an internal vertex, the jobs will

21) The intersection calculation needs to traverse the dataset so its complexity is linear to the cardinality of
the dataset. 2) In the worst case, only the first job needs to make the decision, and others follow it. Therefore,
dependent selecting needs constant time. 3) Sampling only needs to pick a random number between 0 and the
size of the dataset, which needs constant time.
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Figure 4: Illustration for the proposed dependent sampling tree.

decide whether to select this vertex according the conditional probability. For those jobs that do not
select this vertex, they will make decisions in the right child tree.

Sometimes the intersection can be composed of multiple vertexes. For example, if only the job of D3
selects difference at A in Figure[da] then it can sample both in B and F. In these cases, the algorithm
needs to first select a vertex that belongs to the intersection and then sample.

Dataset Deletion. When a job finishes training or is killed, we should delete its dataset from the tree.
The deletion involves two steps: 1) deleting the corresponding leaf vertex, and 2) merging its parent
vertex with its sibling vertex. For example, if we want to delete D5 in Figure #a] we need to delete
the leaf vertex E and merge vertex B with F', as shown in Figure[4b] The time complexity is O(1)
since deleting and merging both cost constant time.

Dataset Insertion. The insertion operation depends on the cardinality of the new dataset D. When D
is smaller than the smallest set in the sampling tree, the procedure involves three steps: 1) calculating
the intersection of it and the root of the tree, 2) setting the new intersection as the new root of the
dependent sampling tree, and 3) setting the difference set of the old root as the right child and the
difference of D as the left child for the new root. For example, Figure [dc|shows the new tree after
inserting a smaller dataset D. The new root X is the intersection of D and the set in vertex A. The
old tree becomes the right sub-tree, and the difference of the dataset D becomes the left leaf.

When the new dataset D is larger than the smallest dataset in the sampling tree, we need to insert it
recursively: 1) calculating the intersection of D and root A and set it as new root X, 2) adding the
difference of A to its children, 3) deleting the old root A and adding their children to the new root, 4)
recursively executing step 1 on X’s right child with the difference set of D until the difference set is
the smallest in the current sub-tree. An example of this procedure is shown in Figure 4dl In the worst
case, the time complexity of insertion is O(n|D|) if the new dataset D is the largest%ﬂ

5 Evaluation

In this section, we evaluate JOADER on ImageNet with the family of ResNet models. We denote the
default dataloader strategy in PyTorch as the ‘Baseline’ method, and further compare JOADER with
the state-of-the-art method CoorDL [19]. Due to the space limit, we mainly show two experiments in
the paper and more experimental results can be found in the appendix. First, we profile the server
when there are multiple training jobs to show the bottlenecks and compare JOADER with CoorDL
and Baseline in synchronous case. Second, we evaluate JOADER in asynchronous cases: 1) multiple
models trained at different speeds, 2) multiple jobs arrived at different moments, and 3) multiple
datasets only partially overlapped. For the results in the appendix, we summarize them as follows: 1)
ablation studies show that both DSA and RefCnt improve the training efficiency , 2) the I/O speed is
not the bottleneck for data loading , and 3) we train ResNet18 with PyTorch and JOADER separately
to show JOADER does not affect the accuracy.

The evaluated models are the basic models with their default settings in torchvision [[1], and trained
on top of the PyTorch 1.6.0 DL framework. The experiments were conducted on a GPU server with

31n practice, the dataset is a bitmap set of data indices in the dataset, e.g., a unique integer id that identifies
data. Therefore, the insert operation is very fast, which only takes a little time compared with training time.
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two Intel Xeon Gold 5118 CPUs @ 2.30GHz (24 physical cores and 48 threads), S00GB RAM, and
6 TITAN RTX GPUs. The server ran Ubuntu 18.04 with GNU/Linux kernel 4.15.0. The disk is
Symbios Logic MegaRAID SAS-3 3316 of 1GB/s read speed.

5.1 Performance in Synchronous Cases

In this experiment, we start training multiple ResNet18 models with different hyper-parameters.

We start from training 1 model to training 6 models on ImageNet, and profile the server for different
dataloaders. The experiments show that the CPU utilization tends to be the bottleneck, as shown in

Figure[5]

The CoorDL and JOADER both can reduce the CPU utilization greatly by sharing the data preparation.
Additionally, it shows that JOADER can achieve close performance to CoorDL when all training jobs
start at the same time and have a similar speed. Note that CoorDL is designed for such synchronous
cases while JOADER can also handle asynchronous cases as we will later show. The time cost of each
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epoch is shown in Table[l} With 6 training jobs, JOADER saves 44.8% training time with over 40%
less CPU utilization, compared the default Baseline in PyTorch.

Table 1: The time cost of different dataloaders when training multiple ResNet18 models in an epoch.
Number of jobs 1 2 3 4 5 6
CoorDL (min) | 32.82 31.73 32.73 34776 35.28 3798
JOADER (min) | 32.70 3249 3372 3632 3744 37.55
Baseline (min) | 31.74 35.01 40.04 52.11 57.67 67.85

5.2 Performance in Asynchronous Cases

Next, we consider three asynchronous cases when multiple models differ in training speeds, arriving
moments, and datasets.

Multiple models with different training speeds. We first simultaneously train five models
(ResNet18, ResNet34, ResNet50, ResNet101, and ResNet152) with different training speeds, and
show the lifetime and CPU utilization results in Figure [§] With the Baseline dataloader provided
by PyTorch, each job preprocesses the data individually so that the CPU load is extremely heavy.
CoorDL enforces multiple jobs requesting the data in lockstep to share the data preparation work, and
it achieves less CPU load and higher training speed than Baseline. However, the faster jobs (smaller
models) must wait for the slower jobs, making CPU idle during the training period. JOADER can both
reduce the CPU load by sharing the preprocessing work and keep these jobs’ own training speeds.
For example, ResNet18 runs 4 faster using JOADER compared with CoorDL. Furthermore, this
experiment suggests that our system has less profitable for larger models because GPU tends to be
the bottleneck for those models.

Multiple models arriving at different moments. Next, we consider the situation that multiple DNN
training jobs start at different moments. Since CoorDL must wait for all the jobs to be ready for
training, we only compare JOADER with Baseline in this experiment. Figure [7a| shows the CPU
utilization when four ResNet18 training jobs arrive at different moments. JOADER takes up less CPU
load than the Baseline. This is due to the fact Baseline repeats the data preparation work for new
jobs, whereas JOADER reuses the prepared data from previous jobs. As a result, JOADER saves 17.1%
training time and 8.7% CPU utilization.

Multiple models with partially overlapping datasets. Finally, we show the CPU utilization when
the two datasets only partially overlap in Figure The datasets are re-sampled from ImageNet.
We use the ratio between intersection size and dataset size to measure the overlapping degree. The
larger the intersection, the more data to share. We still compare with the Baseline method only since
CoorDL requires all jobs having the same access path over datasets. From the figure, we can observe
that the CPU utilization of the same dataset is only 60% of that of different datasets. Additionally,
the CPU utilization always decrease as the intersection size increases, showing that JOADER is valid
with some overlapping elements. The reason is that the DSA algorithm can get the same sampling
results with the max probability and the cache policy evicts the useless data with higher priority.

6 Conclusion

Accelerating DNN training is a fundamental challenge in deep learning. This paper presents an
approach to boosting training efficiency by caching data prep work and reusing them to parallel
training jobs. To prevent cache thrashing, we propose DSA to improve sampling locality with ensured
randomness. We also propose a novel tree-based data structure to efficiently implement the proposed
algorithm. Furthermore, a domain-specifical cache policy is proposed for evicting data that is least
used in the near future. At last, we evaluate the proposed approach and the results show significant
improvement in asynchronous cases while achieving close performance in synchronous cases to
CoorDL which is specially designed for such cases.
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A Evaluation

In this section, we first present the I/O speed in the synchronous cases and asynchronous cases to
show JOADER can reduce the redundant I[/O work. Then, we evaluate the algorithm DSA and RefCnt
separately for the ablation test. Finally, we show the loss and accuracy trace of ResNet18 in 40
epochs to demonstrate JOADER does not affect convergence speed. We denote the default dataloader
strategy in PyTorch as the ‘Baseline’ method, and further compare JOADER with the state-of-the-art
method CoorDL.

A.1 T/O speed

In this part, we show the I/O speed in the synchronous and asynchronous cases. Note that I/O is
not the bottleneck in our server (Maximum I/O speed of the server is about 1GB/s). Figure [§|shows
the I/O from training one job to training six jobs. The I/O speed of Baseline tends to increase while
that of CoorDL and JOADER tends to decrease, because CoorDL and JOADER can reuse the data
in memory. When we train 5 jobs (ResNet18, ResNet34, ResNet50, ResNet101, ResNet152) with
different speed, the I/O speed is shown in Figure[9] Although the I/O speed of CoorDL is far less
than JOADER, the fast job must wait for a slow job causing inefficiency. JOADER can make jobs run
at their own speeds. Figure [[0a]show the I/O speed for four jobs that start at different moments. Due
to the redundant I/O work, the baseline has a more considerable I/O speed. For JOADER, the more
data is shared, the smaller the I/O speed, as shown in Figure @

A.2 Algorithm evaluation

In this section, we first compare ISA, the default sampling algorithm in PyTorch, with DSA to show
the performance in two cases: 1) datasets overlap partially, and 2) datasets vary in size. Then we
further compare the RefCnt with the generic cache policy in the above cases. We evaluate these
algorithms in different cache sizes and the evaluation metric is the count of cache misses, indicating
the number of elements not read from the cache. For n datasets D1, Do, ..., D,,, the maximum count
of cache misses is |D1| + |Dz| + ... + | D,,| that all the data is read from the storage, while the
minimum is |D; U Dy U ... U D,,| that all the repeated data is hit in cache.

We construct the following cases for evaluatiorﬁ in Table

1) D = [0,1e4] means dataset D constains all number from 0 to 10000. 2) D =
sample(]0, 13333], 10000) means sample a subset D with 10000 of size from [0, 13333] uniformly at random
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Figure 12: The number of misses with different cache policies applied with dependent sampling
algorithm.
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Table 2: Configuration of the number of jobs and datasets

Algorithm| Case Num way of construct dataset
2 D, =10,1ed]; Dy = [0, 1ed]
Sampling | overlapping 2 D; = [0, 1ed]; Do = [7500, 17500
Algorithm| partially 2 D, =10, 1led]; Dy = [5000, 15000
2 D; =0, 1ed]; Dy = [2500, 12500
4 D1, Dy, D3, Dy = sample(]0, 13333], 10000)
2 D, =10,1e4]; Dy = [0, Ted]
varying 2 Dy =0, 1led]; Dy = [0, 7500
in size 2 D+ =10, 1e4|; Dy = |0,5000
2 D; = [0, 1ed|; D2 = [0, 2500
4 D, =10, 1ed]; D, =10, 7500], D3 = [0, 5000], D4 = [0, 2500]
Cache overlapping 4 D1, D2, D3, Dy = sample(]0, 13333], 10000)
Policy partially
varying in 4 D, =10, 1ed]; Do = [0,7500], D3 = [0, 5000], D4 = [0, 2500]
size

Dependent sampling algorithm. In this part, we show DSA can significantly reduce the cache
misses in various of scenes. To simulate various scenes, we generate multiple datasets with different
sizes and different intersections. We use DSA to access them in shuffling order from the storage with
the cache of different sizes (e.g., from one-slot to holding all datasets) to evaluate the number of
misses, compared with the experimental results with ISA (shuffling independently).

We start the the evaluation in two jobs training on dataset; and datasets, respectively. We set up
eight different configurations for the two datasets, which can be divided into two types: the different
sizes of intersections and different sizes of the datasets, as shown in Table [2}

For different intersection sizes, Figure[TTa]plots the relations between cache size and the count of
cache misses. For ISA, the misses count is 2x higher than the size of dataset in the case of one-slot
cache, shows that all elements are missed and it decreases linearly as the cache size increase. Unless
the cache can hold all the data of intersection, the misses count could be minimized. However, DSA
can always get the minimum cache misses regardless of the cache size. The reason is that in the
selecting procedure, all jobs must select the same subset when the datasets’ sizes are equal, due to the
conditional probability of 1. Thus, their sampling results would be the same, meaning that all jobs
will access the same element simultaneously when the datasets with the same size.

Figure [I1D] plots the evaluation results on for the datasets with different sizes. For one-slot cache,
DSA can reduce 50% cache misses compared with ISA when the dataset sizes differ by 25%. The
cache held 30% dataset could get the best performance for DSA while ISA needs to cache 75%
dataset to reach optimal. DSA needs to cache 25% data because the size difference brings some
uncertainty in the selecting procedure.

Then, we evaluate the DSA algorithm on four DNN training jobs to show the outstanding performance
of the DSA algorithm on multiple datasets. Multiple datasets bring more complexity to the intersection
as there can be 2" — 1 intersection sets for n sets. To simulate an utterly random scene, we
random sample 10,000 elements from 13,333 elements four times, making four different datasets for
evaluation. Compared ISA in the random scene, DSA can reduce 50% misses with a one-slot cache
(20000 misses out of 40000 misses), as shown in Figure[I3a]

DSA also provides good performance for multiple jobs training on datasets with different sizes.
Compared to ISA in Figure[I3b] one-slot cache can reduce 30% cache misses (16000 misses out of
22000 misses) with DSA when four jobs are training on four datasets, with a 25% different size.

RefCnt cache policy. In this part, we compare cache policy RefCnt with the generic cache policies
LRU, FIFO, and random replacement (RR) to show 10% misses reduction with the same cache size.
We evaluate these policies in above two situations of four jobs: utterly random scene and different
dataset sizes. Figure[I2]shows the results, which can be summarized as two improvements: 1) RefCnt
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Figure 13: Trace of training ResNet18 in 40 epochs

cache policy can reduce 10% misses in the same cache size compared with general cache policies,
and 2) RefCnt cache policy can get the best performance with only caching the 60% dataset while the
generic cache policies require holding the whole dataset.

A.3 Correctness experiments

To demonstrate JOADER does not affect convergence speed w.r.t. accuracy and loss, we train ResNet18
on ImageNet-1K with JOADER and PyTorclﬂ Figure|13|shows that the loss descent trajectory and
accuracy trajectory are almost the same.

A.4 Cost of operation in sampling tree

B Dependent Sampling Algorithm

In this section, we show the pseudo-code of the DSA, which involves two functions: selecting and
sampling. The selecting algorithm is shown in Algorithm[I] and the sampling algorithm is shown in
Algorithm 2]

C Sampling in Dependent Sampling Tree

The sampling operation involves two steps: 1) Deciding: choose a vertex for each job, and 2)
Sampling: select an element in the corresponding vertex for each job randomly.

In deciding, we start the procedure from the root of the tree. In the beginning, all jobs are marked as
undecided. In each vertex, all undecided jobs need to decide whether to select the current vertex, i.e.,
the intersection [ in the DSA algorithm. If the job chooses the current vertex, we will remove them
from the undecided job set. Then, the remaining undecided jobs are put down to the child and make
decisions recursively until the undecided job set is empty, like Algorithm|T]

>To activate DSA, we run 2 jobs at different moments
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Algorithm 1: Selecting Procedure

Data: n jobs Jy, ..., J,, and n datasets Dy, ..., D,

Result: The subset that each job selects

JOB < [J1, ..., Jp]; // Array of all jobs

DS + [Dy,...,D,); // Array of all datasets sorted by their cardinality
S < 0;// Set of data that are not selected

while JOB # () do

I(*nDifs,VDi e DS ;

¢+ |I;
for D,Jin DS, JOB do
// prijsy is the conditional probability ‘?5‘”

if rand(0,1) < 5% then

— [D[-]S]
J selects I;
DS «+ DS — D;
JOB «+ JOB — J;
¢+ |DJ;
else
L break;

if There is no job selecting I then
JOBJ0] selects D[0] — I;
DS + DS — DI0];

JOB + JOB — JOBI0];

| S« SUIl;

Algorithm 2: Sampling Procedure

Data: n jobs Jq, ..., J,, and k subsets Sy, ..., Sk
Result: The sampling results of each job
JOB < [{J;,...,J;},...]; // The job set where job selects the correspond subset
SUBSET « [S1,...,Sk]; // The subset that the correspond job set selects
for iin 0..k do

subset + SUBSET|il;

job_set + JOBIil;

Sample e uniformly at random in subset;

for jobin job_set do

| job picks e;

However, in deciding, there may be an intersection that contains multiple vertices of the sampling
tree. As shown in Figure [dd] if job J, with D5 and job .J3 with D3 do not choose the root X in the
first recursion, then they should make decision in the intersection (D3 — Dx ) N (D3 — Dx ), which
contains the datasets in vertices A and B. In this case, we should combine these vertices into a big
set first and start the deciding procedure once. If someone chooses the big set, it should choose a
vertex from the big set randomly again.

After the deciding procedure, each job is assigned to a vertex randomly. Then, we need to select an
element in the corresponding vertex randomly. Based on the united sampling discussed in Section 3,
those jobs that are assigned to the same vertex should share the same sampling result.

Each data item in the dataset should be read exactly once for a job in an epoch. Intuitively, the data
item should be deleted from the vertex to avoid being read by the job repeatedly. This process raises
the issue that other jobs may need the deleted element that some have read. For example, suppose in
the Figure a job J; fetches the element e; from vertex A while job J> and job .J5 fetch the element
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Table 3: Notation in sampling algorithm

Ji The i-th job
D; Dataset that J; trains upon
1 Intersection of all datasets
Dy D; —I;
|D| Cardinality of set D
JI Event that .J; chooses the intersection
JP Event that .J; do not choose the intersection
e; Element e; picked by J; in one round
S Set of elements that are not selected

from other vertices. Thus, for .J;, we should remove e; from vertex A, but J5 and J3 still need the
element e;.

The compensation procedure is introduced in sampling to solve this issue, which adds the deleted
element to the child vertex of the job that still needs it. To decide which vertex needs compensation,
we construct a job set for each vertex that contains all the jobs that will sample in this vertex. For
example, the job set of vertex A is {J1, J2, J3} and the set of vertex B is {J3, J3} in Figure@ And
after deleting some elements, we should construct a compensation set containing all the jobs that
still need the deleted elements. If the compensation set includes the job set, the deleted elements are
added to the corresponding vertex.

Partially Sampling. When some jobs are much faster than other jobs, we only need the sampling
results for these fast jobs. The sampling procedures are the same as the above. However, the tree
cannot be ordered after sampling because these datasets decrease fast and can be less than the above
datasets in the tree soon. Therefore, we need to reorder the tree, just like the intersection procedure.

D Proof of Algorithm

In this section, we present the derivation and the proof for the proposed algorithm. Proposition [I]
shows the first principle for randomness. Table 3] presents some notations for the following proof.

Proposition 1 For any job J;, the probability of choosing any element from dataset D; is ﬁ.

D.1 Derivation in Two-job Case

There are 2 jobs J; and Jo which training upon datasets D7 and D, while the intersection is
I = Dy N Dy and two difference sets are Dy; = D1 — I, Dy = Dy — I. Their cardinalities are
|D1], | Da), |I|, |Da1], and | Dgz|. The event that .J; selects the intersection is J¥, while the event that
J1 selects the difference set is J.

Due to the randomness, the constraints that we need to maintain are

1] [Day |

JI _ | , JD _

p(f) = AL pap) = 1P
TN |Da|

Since J» makes the decision conditioned on J;, we can the formulate the equations according to the
law of total probability in below

{p(Jé) = p(J3|J{) * p(J{) + p(J3 |JP) * p(JP)

2
p(J27) = p(J3° |J1) % p(J1) + p(J2 | J0) % p(JP).
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After shared sampling, our target is to maximize the probability of J; and Js both choose the
intersection, which is positive correlated with p(J{|J{). The p(JZ|J¥) is

p(J3) — p(J3|JP) * p(JP)
p(J1)
p(J3)
p(Jf)) @
1Dul,
" |Da| ™

p(J3|J]) =

< min(1,

< min(1

Therefore, we can get the conditional probability in two cases

1 if |D1| > | Do
I 71 ’
p(J2|J1):{|D1| if‘D1|<|D2‘. 4)

[D2|’

When |D;| < |Ds|, the other conditional probabilities of .J> conditioned on .J; can be derived as
follows
p(J3|J7) =0
p(J2|I7) =1
| D |

p(JP 1) =1~ Da|

(&)

In dependent selecting procedure, the probability of both choosing intersection set is p(J{ ) p(J4 |J{).
With data partition, we can get

1]

ej =¢7) =p(J]) xp(J3|J]) € —————m,
ple; =€) =p() +p(101) < s B

(6)

e ol o2
while e;, e;

is the sampling results of .J;, J5 in one round.
We then prove the the proposed dependent algorithm gives the optimal solution for the scenario of

two-jobs.

Proof 1 Assume that the distribution of the event exists, and the probability of p(ejl- =e?

When e]l and e? are equal, they must belong to the intersection set D;. Therefore, p(e; =e
to p(e} =e2,el € Dy, e? € D;). Due to the definition of joint probability, we can get

R i

) is unknown.
2) is equal

%

plej =¢f) <plej € Di), and plej = ef) < p(ef € Dy).

Due to the constraint of randomness, ejl and €2 are both sampled under the uniform distribution, so

plel € Dy) = I‘D1|\ and p(e? € D;) = \ngl\' Then p(e} = e7) < |‘D1|‘ and p(e} =€) < |‘D2‘| both

hold. Thus, for any distribution of the event, it holds that

D;|
1 AR |—1
)< Sax((Dal, D3]}

D.2 Derivation in N-job Case

Assume there are n jobs {Ji, ..., J,} and n datasets {D1,..., D, }, while the intersection I =
Ni—, D;. For the k-th job where k > 1, the probability of the job .J;, chooses the intersection is

p(Jlg) = p(Jlg‘JlIv J2Ia c Jlg—l) *p(Jllv JQI> ceey Jlg—l) + z, (7)

where x is the sum of probabilities of J; chooses intersection in other conditions. With the similar
process in Proof|l] we can get the result for k-jobs, where the maximum probability of they all choose
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intersection is also p(J{...J}) < L]

S m Then, we can get

DT i) < min(—— Py
p(Ji,Jy, s i q)
11l
< min(—— 7 ——.1) ®)
maxz(Dhn,..., Dy_1)
< (1D Dicr) gy
| Dy

Assume that the datasets are sorted in ascending order w.r.t. their cardinalities, then the formula can
be written as for the maximum probability

Dy
DO ) = DL ©)
| Dk |
The probability of n jobs all choose intersection I is
1] D] [Dpa| _ ||
JI,JI,...,Ji = | * % L.k < , 10
PR ) = 1D 5 1Dy " D, = Dl (1o

which is the theoretical maximum according to a similar Proof[T}

D.3 Proof of Randomness

We prove the Proposition [I|for Algorithm|[I] Although multiple jobs share the sampling results in the
sampling procedure, the random sampling is not changed. Therefore, to prove Proposition [I we only
need to prove the subsets are randomly selected for each job. The Lemma is stated as follow

Lemma 1 In each loop of selecting procedure, the intersection I is selected with the probability of
%for every job J;.

In the line 8-12 of Algorithm|[I} the job J; chooses the intersection only if the previous job has chosen
the intersection I, that the probability is

p(J]) =p(JH Ty, ) = p(TL )
1 (11)
|D;| - [S|

|Di|—]S]

D] , that is

Therefore, the Lemmais satisfied only if the probability of entering this loop is

Lemma 2 For each loop, the set of elements that are not selected is S, and the probability of entering
this loop is %forjob J;.

Proof 2 We prove the Lemma 2| by induction on loop index k.

Base case. Show Lemma 2| holds for the first loop.

The first loop (k = 1) must be entered, while S is an empty set and W = 1. Thus Lemmais
satisfied.

Induction step. Show that for any k > 1, if the k-th recursion holds Lemma then (k + 1)-th loop
also holds.
The probability of entering the k-th loop is %, and if job J; does not select the intersection in
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the k-th loop, then it entering the (k + 1)-th loop. The probability of J; does not select intersection is

p(JP) =p(J2) + p(J) + .+ p(JP)

=p(J2) + (T2 IE) # p(JL) + oo+ p(JP 1T )+ p(J]))
=p(JP)+ (1 - Jk+1|Jk)) «p(JE) + o+ (= p(J] 1T ) * p(JL )
=p(J) +p(JE) — p(Jia) + p(Jiyy) — . — p(J])
=1-p(J) 12)
_q_ D[ =[S [Dia] — S

|Dy| — |S\ |Dit1 —|S] |Dil —|S]
D= IS - 1)

|Di| — |S]

where Jy, is the first job in job List JOB, then we can get the probability of entering the next loop is
w while new S is S U I, which also satisfies the Lemma

Conclusion. Since both the base case and the inductive step have been proved as true, the Lemma E]
holds for every loop by mathematical induction.

E System Implementation

In this section, we describe the implementation of JOADER, which is a data loading management
system for multiple DNN training jobs. The proposed dependent sampling algorithm applied with the
dependent sampling tree is the core in JOADER. In details, we describe the system overview, three
main components, and the adaption for distributed DNN training.

E.1 Overview

API. JOADER API allows users to do two things: 1) creating and altering datasets, and 2) registering
DNN training jobs. Before training, the user needs to create the dataset with a name in JOADER first.
Then, to execute the training job on the dataset, the job should register itself to JOADER with the
dataset’s name. If multiple jobs are training on that dataset, JOADER will attach the dataset to the
jobs for sharing reading and preprocessing. Each job in an epoch will be assigned to a unique id in
JOADER, and JOADER will dispatch data according to the job id.

Architecture. JOADER includes a frontend and a backend. The backend is implemented in Rust [2]
that accesses and processes data efficiently, while the frontend is implemented in Python to provide a
user-friendly API. They communicate with each other in RPC. Figure [I4]shows the architecture of
JOADER, which consists of three components: Sampler, Loader, and Cache.

E.2 Sampler and Loader

The Sampler is responsible for data sampling in JOADER. An instance of the Sampler consists of a
sampling tree for a dataset. The datasets are organized in tables like the relational database. Each
data tuple has a unique integer id (i.e., primary key) to identify itself, consisting of multiple elements,
e.g., image, label, and the bounding boxes in ImageNet.

Each job registered to the sampler needs to specify the job’s name, dataset’s name, names of the
needed columns in the table, and a predicate for filtering. Then, the sampler collects the ids of data
tuples that meet the requirements and inserts the ids into the sampling tree corresponding to the
dataset. Each sampling tree should pick the element uniformly at random in the DS algorithm. These
elements (id of data tuple) will be transformed into the data requests according to the columns of
each job needed. If the elements and the columns are the same, these data requests will be merged
into one request.
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Figure 14: The architecture of JOADER.

The Loader is responsible for reading and processing data w.r.t. the data request from Sampler. In
JOADER, each loader corresponds to one type of storage, e.g., POSIX file system, key-value database,
or distributed storage. Loaders encapsulate different storages and provide a unified interface to
Sampler to present good scalability and compatibility.

E.3 Specific Cache Implementation

The Cache is used to store and share data between JOADER and the DNN training jobs, which is
implemented by shared memory to avoid the cost of memory copying, serialization, and network. To
manage data and reduce data race, the layout of cache is slotted, making multiple slots in the head of
the cache, as shown in Figure[T4] Each element in the cache is managed by a slot containing the start
address, length, and read bit of the data. The read bit is used to determine whether the data has been
consumed.

When Loader tries to load data, it needs to require slots and a contiguous block memory for storing
this data. Then, the Loader dispatches the slot ids to training jobs that need the data. These jobs will
access the data soon and set the read bit. When there is not enough memory, the reclamation program
should be triggered. Data can be classified as consumed and unconsumed in the cache according to
the read bit. Because those unconsumed data were sampled earlier than the data that Loader is trying
to require memory, they will be accessed earlier than the new data and cannot be evicted.

We can only reclaim those consumed elements, which are prioritized in different levels. For example,
there are two training jobs J; and J — 2 all want to read four data {d;, da, d3, d4}. In the first round
of sampling, d; is consumed by both jobs. In the second round, job J; consumed dy while job J
consumed d3. Then the memory reclamation program is triggered. Considering the constraint that
each job should traverse the dataset once. In this time, data d;, da, d3 are in cache while data d; is no
longer needed anymore while ds, d3 are still needed. Therefore, d; will be prioritized for eviction.

In JOADER, we reclaim data according to the number of reference of data, as shown in section[3.2]

E4

In our Joader, the time complexity of dataset operations, i.e., sampling, deletion, and insertion, are
O(1), O(1), and O(|D|), respectively, for each dataset. Moreover, the dependent sampling tree
manages the index of each input rather than the input itself, and thus executing the operations is
extremely fast. In our implementation, we use a bitmap to represent the dataset in our dependent
sampling tree. The bitmap is very efficient for these operations. In practice, the operations only count
up to a minor fraction of time consumption, which takes a tiny proportion of a total training epoch.
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Figure 15: JOADER for distributed DNN training, where the leader JOADER is responsible for the
sampling globally.

To further answer the question, we have conducted an additional experiment by randomly inserting
128 datasets into our system and then evaluating the time cost of dataset operations. The size of each
dataset is between 1,000,000 and 2,000,000 elements (note that ImageNet contains 1,400,000 images).
The average cost of inserting each dataset is 0.57 seconds. And the time cost of the operations remains
nearly constant and does not change as the number of data increases.

Deletion and sampling are also very efficient in our algorithm. Specifically, sampling takes an average
of 0.000054 seconds for each element, and deletion takes an average of 0.00000105 seconds.

E.S5 Towards Distributed Training

In model parallelism, the model is segmented into different parts that can run concurrently in different
nodes. Only one node is responsible for data preparation. Therefore, JOADER need not change
anything to apply to the distributed training in model parallelism.

In data parallelism, the dataset is divided into several partitions, where the number of partitions is
equal to the total number of available nodes in the cluster. The model is replicated to the worker
nodes. Each worker operates on its subset of the dataset to train the model locally. For each worker
node, we need to set up a JOADER for sharing data preparation to multiple DNN training jobs in this
node. However, the sampling work should be done globally to avoid redundant sampling.

To solve the above issue, we set multiple JOADER for multiple nodes, while only one leader JOADER
can sample. The leader needs to dispatch the sampling results to the followers, as shown in Figure
During training, each sub-process of the distributed training job in data parallelism needs to register
itself to the local JOADER in the same worker node with the same name and the assigned id.
Meanwhile, the local JOADER should register a sub-sampler in leader JOADER. The local JOADER
should keep fetching sampling results from the leader JOADER and load them to the local cache.
By doing this, only leader JOADER is responsible for sampling and dispatching sampling results to
followers. Notice that the cache is also distributed in different worker nodes, storing more data than a
single cache.

The same data is sent to the same worker node when the leader dispatches sampling results. PyTorch
uses the hash partition algorithm to dispatch data. For example, suppose a worker node array nodes =
[nodey, nodes, ..., node,, ). The data with integer id is sent to nodes[id%n|. However, things will
be more complicated when dealing with multiple training jobs. For example, two training jobs are
on the worker node arrays [node, nodes, ..., node,, _1] and [nodes, nodes, ..., node,], respectively.
Due to the offset between the two arrays, the same data cannot be sent to the same worker node for
the two jobs by one hash partition.

In JOADER, we solve it by hashing the data id twice. In the first hash, we try to dispatch the data to
all the worker node in cluster. Therefore, the same data can be sent to the same node. However, some
training jobs are not training on some worker nodes and the data can not be sent to these nodes for
these jobs. Therefore, in the second hash, for the data dispatched wrongly, we will try to dispatch it
to the nodes locally w.r.t. the configuration of each job.
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