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Abstract: This paper proposes Hermes, a container-based preemptive GPU scheduling framework
for accelerating hyper-parameter optimization in deep learning (DL) clusters. Hermes accelerates
hyper-parameter optimization by time-sharing between DL jobs and prioritizing jobs with more
promising hyper-parameter combinations. Hermes’s scheduling policy is grounded on the obser-
vation that good hyper-parameter combinations converge quickly in the early phases of training.
By giving higher priority to fast-converging containers, Hermes’s GPU preemption mechanism can
accelerate training. This enables users to find optimal hyper-parameters faster without losing the
progress of a container. We have implemented Hermes over Kubernetes and compared its perfor-
mance against existing scheduling frameworks. Experiments show that Hermes reduces the time for
hyper-parameter optimization up to 4.04 times against previously proposed scheduling policies such
as FIFO, round-robin (RR), and SLAQ, with minimal time-sharing overhead.

Keywords: hyper-parameter optimization; deep learning cluster; GPU scheduling; container

1. Introduction

Deep learning (DL) has recently seen immense success in various fields, such as
computer vision and natural language processing. When developing DL applications,
users construct a DL model and train it using learning algorithms such as stochastic
gradient descent. While the success of DL has been driven by the ability to train millions of
parameters purely from data, a handful of parameters are often needed to be prespecified
and fixed by the user. These so-called hyper-parameters include learning rates in learning
algorithms and the strength of regularizers.

Unfortunately, the accuracy of a DL model is greatly affected by these hyper-parameters.
Therefore, it is common for DL users to spend an excessive amount of time for finding an op-
timal combination of hyper-parameters. This process, called hyper-parameter optimization,
is often performed by training a DL model with various hyper-parameter combinations
and determining which combination is optimal. Determining which hyper-parameter is
the most promising is done by receiving convergence feedback from the training process.
Since the optimality of a particular combination (based on a certain performance metric)
is only given at the end of training, hyper-parameter optimization is time-consuming.
Nonetheless, it is an essential process to obtain a good quality DL model.

With the advance of high performance computing (HPC) environments such as GPU
clusters and clouds, it is natural that DL users utilize these environments for hyper-
parameter optimization [1,2]. In these cases, hyper-parameter optimization jobs are often
packed into containers (for example, docker containers) and submitted to a cluster manager
for execution. Since DL training jobs extensively use GPUs, the scheduling policy of a
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cluster manager directly affects the efficiency of hyper-parameter optimization. A widely
adopted ad-hoc scheduling strategy is to use kill-based preemption [3].

In kill-based preemption, users continuously monitor the convergence of DL training
jobs and manually kill the containers not making progress. This manual process is not only
tedious and error-prone, but it is unscalable when a large number of containers are used.
Moreover, a decision to terminate a container cannot be reversed once done. Instead of
relying on manual strategies such as kill-based preemption, we focus on the development
of a cluster manager-level solution.

Traditional cluster managers such as YARN [4], Mesos [5], and Kubernetes [6] ex-
clusively allocate a single GPU to each container. Because of this, if a hyper-parameter
optimization job is not granted GPU resources, convergence feedback will be significantly
delayed. Since the decision of choosing a hyper-parameter combination can only be made
once all the necessary feedback is collected, the overall process will slow down unrea-
sonably. Moreover, training unpromising hyper-parameter combinations sequentially
intensifies the head-of-line-blocking (HOL-blocking) problem [7].

Currently, most cloud manager solutions do not exploit the specific setting of hyper-
parameter optimization. For example, Sherpa [2], a recently introduced framework specifi-
cally designed for hyper-parameter optimization, does not include a scheduling strategy
that considers convergence feedback. Other DL oriented cluster managers such as Tire-
sias [1], Optimus [8], Cynthia [9], and Flowcon [10] only focus on reducing the average
waiting time. Meanwhile, Themis [11] considers shortening work time and fairness. How-
ever, this method is not suitable for hyper-parameter optimization since convergence
feedback is not received early. Gandiva [7] on the other hand, proposes parallelizing DL
training jobs so that early feedback can be received quickly. While hyper-parameter opti-
mization definitely benefit from parallelization, Gandiva’s focus on improving fairness is
harmful since unpromising hyper-parameter combinations receive equal amount of service.
Lastly, SLAQ [12] prioritizes low-performing DL jobs by receiving convergence feedback.

Ironically, this can harm the performance of hyper-parameter optimization by exe-
cuting unpromising hyper-parameter combinations first. Overall, hyper-parameter opti-
mization has seen limited benefit (if not harmed) from the recent advances in DL focused
cluster managers. To accelerate hyper-parameter optimization of DL, this paper proposes
Hermes, a container-based GPU scheduling framework.

In summary, this paper makes the following specific contributions.

• Parallelization of hyper-parameter optimization process: Hermes parallelizes hyper-
parameter optimization by time-sharing between containers running DL jobs. The
container preemption is implemented using the model checkpointing feature sup-
ported by TensorFlow [13].

• Convergence-aware scheduling policy: Hermes accelerates hyper-parameter optimiza-
tion by prioritizing jobs based on the convergence speed. This sharply contrasts to the
Gandiva’s approach [7] since not all tasks are trained equally, but important tasks are
selected and accelerated.

• No prior knowledge and modification of user code: In contrast to previous works,
Hermes does not need prior knowledge about the jobs such as job completion time
(JCT) distribution. Moreover, it does not try to predict the JCT of the jobs. Moreover,
Hermes does not require modification to the user code and all modifications are
transparent to the users.

• Real implementation: We have implemented Hermes over Kubernetes [6], one of the
most popular open-source platforms for container orchestration.

We evaluate the performance of Hermes using the convolutional neural network
(CNN) benchmark [14] from TensorFlow. Performance results show that Hermes shortens
the hyper-parameter optimization process up to 4.04 times with minimal time-sharing
overhead when compared against scheduling policies supported by other cluster managers
such as FIFO, round-robin (RR), and SLAQ.



Electronics 2021, 10, 350 3 of 15

2. Background and Motivation
2.1. Training of Deep Learning Models

DL is a family of machine learning (ML) methods for learning and predicting complex
nonlinear relationship from data. It has recently seen huge success in numerous fields
including image recognition, speech recognition, and recently, natural language processing.
The process of inferring patterns from data is often called deep learning training (DLT).
Compared to other machine learning methods, inference of DL models is notoriously
difficult. This is because DL models often include a huge number of parameters, and the
problems to which DL is applied often involve large datasets. For this reason, efficient
management of computational resources during DL training is becoming increasingly
important.

2.1.1. Overview of Deep Learning Training

The general process of DLT involves minimizing a loss function by solving an opti-
mization problem. Before starting the optimization procedure, multiple parameters have to
be manually predetermined and fixed throughout the training process. These parameters
are called hyper-parameters and we will provide some concrete examples below.

Formally, the optimization problem is formulated as

minimizew ED [L(w; α)]. (1)

where w is the concatenation of the trainable parameters of the DL model, L is the loss
function or empirical risk of a data point,D is the training dataset, and α is the concatenation
of the hyper-parameters. The goal of DLT is to minimize the loss over the dataset D (hence
the expectation over D). As a result, DL users can obtain a set of DL model parameters (w)
that hopefully achieve good predictive performance.

DLT is most often solved using variants of the stochastic gradient descent (SGD, [15])
algorithm. A popular choice is the Adam optimizer [16] and has three internal hyper-
parameters that need to be determined. At each iteration of SGD, a noisy estimator of the
gradient of the training objective in Equation (1) is obtained by sampling a subset of the
train data. The size of this subset, or mini-batch, is an important hyper-parameter and is
known to highly affect the performance of SGD [17].

Despite the fact that hyper-parameters, including some examples mentioned above,
cannot be learned from data, they strongly affect the final performance of the trained model.
This fact has led to the development of various hyper-parameter optimization strategies
(see Section 2.1.2).

2.1.2. Hyper-Parameter Optimization

Hyper-parameters used for DLT often significantly affect the resulting performance of
a DL model. For this reason, DLT in practice can be divided into two parts: hyper-parameter
optimization and the actual DLT. During hyper-parameter search, users search for the most
promising hyper-parameter configuration. Since the performance of a hyper-parameter
setting is often unveiled until the end of a training process, hyper-parameter optimization
involves repeating multiple (possibly short) preliminary DLT runs. Unfortunately, the cost
of this process can easily out-weight the cost of the “final” DLT run that is performed with
the optimal hyper-parameter setting. The overall process of DLT is illustrated in Figure 1.
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Figure 1. Deep learning training process.

Apart from relying on heuristics [18], various methods for accelerating hyper-parameter
optimization have been proposed including grid search [19], random search [20], and
Bayesian optimization (BO, [21–23]).

2.1.3. Grid Search

Grid search is a method of optimization by setting a bounded search space and
partitioning it into grids. Since all the grid points must be investigated, the cost of hyper-
parameter optimization grows exponentially with the resolution of the grid. However, grid
search is arguably one of the most employed method for hyper-parameter optimization
because of its simplicity.

2.1.4. Random Search

While similar to grid search, random search chooses a non-deterministic approach.
Instead of evaluating the performance of all the grid points in the search space, hyper-
parameter configurations are randomly selected. Conceptually, the resolution of the opti-
mization process is not restricted. For this reason, it is possible to discover more promising
hyper-parameter settings compared to grid search. However, random search does not
utilize information about the search space acquired during the optimization process.

2.1.5. Bayesian Optimization

In contrast to grid search or random search, BO adaptively utilizes the information
acquired during the optimization process. It fits a surrogate model of the performance of
the hyper-parameters, and utilizes it for deciding on which point to try out next. Despite
being more systematic, BO comes with its own set of hyper-parameters complicating its
use. Moreover, its performance is limited when the dimension of the search space increases.
Meanwhile, all of the aforementioned methods focus on reducing the number of DLT runs.
Still, a lot of preliminary DLT runs must be performed in order to uncover promising
hyper-parameter configurations. For this reason, hyper-parameter optimization is still one
of the most costly process in DL.

2.2. Motivation

The main challenge of hyper-parameter optimization is how to find an optimal hyper-
parameter combination fast that maximizes the accuracy of a DL model. To accelerate
hyper-parameter optimization, Hermes determines which hyper-parameter combination
is likely to be optimal by receiving early-feedback from training. Mainly, we exploit the
fact that only a small fraction of hyper-parameter combinations actually converge to an
acceptable level and they can be identifiable at early stages of training. More concretely,
“The promising combinations converge quickly in the beginning” [12].

To confirm this, we trained 4 CNN models up to 3000 iterations with 192 hyper-
parameter configurations, and investigated their convergence patterns. We measured the
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number of iterations required to achieve at least 50% of the loss of the most promising
combination. The considered hyper-parameter combinations are summarized in Table 1.

The cumulative distribution functions (CDF) of the number of training iterations spent
are shown in Figure 2a. As shown in the figure, only 25% of all the combinations (red
CDF) achieve the 50% goal after 3000 iterations. This shows the fact that only a handful of
hyper-parameter combinations are “promising” and achieve good convergence. It is thus
crucial to quickly identify and concentrate computational resources to these combinations.

Table 1. Considered hyper-parameter configurations. 192 random combinations (Optimizer ×
Batch size× Learning rate×Weight decay) are used for each model.

Name Values

Optimizer ∈ { SGD, Momentum-SGD, RMSProp, Adam }
Batch size ∈ { 16, 24, 32, 50 }

Learning rate ∈ { 0.001, 0.0005, 0.0001, 0.00001 }
Weight decay ∈ { 0.1, 0.01, 0.001 }

The blue CDF is the CDF of the “promising” jobs. Among the converging combina-
tions, about 85% converge to the goal within 1000 iterations, while about 60% converge
within 500 iterations. This confirms the fact that promising jobs exhibit fast convergence,
and can be identified by their convergence speed. We categorized the convergence rate of
the former as moderate (converge within 1000 iterations), the later as fast (converge within
500 iterations), and the rest as slow. Example loss curves from each of the three categories
are shown in Figure 2b. It is visually clear that the fast and moderate converging cases
achieve the 50% goal very early on.

Based on these observations, Hermes employs a convergence-aware scheduling strat-
egy which enables acceleration of hyper-parameter optimization. Briefly, Hermes identifies
and prioritizes jobs that quickly converge in the beginning.
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(b) Loss curve examples
Figure 2. (a) Cumulative distribution functions (CDF) of all the combinations are in blue and the combinations achieving at least
50% of the loss of the optimal combination are in red. Note that the red CDF stagnates around 0.2 because only about 20% of the
combinations converged. (b) Example loss curves from our experiment.

3. Design and Implementation
3.1. Overall Architecture of Hermes

Hermes is composed of two schedulers (blue plates), the time-sharing supporter (or-
ange plates), and the resource monitor as shown in Figure 3. The schedulers are structured
in two-levels: the global scheduler and the node scheduler. The global scheduler in the
Hermes master is responsible for distributing DL containers to a worker node based on
its placement policy. The node scheduler residing on the Hermes node schedules the
containers with its convergence-aware scheduling policy. It is also responsible for making
the preemption decisions. This two-level structure increases portability while minimizing
communication overhead caused by preemption.



Electronics 2021, 10, 350 6 of 15

Hermes Node

Hermes Master

Node Scheduler Pod

waiting queue

Global Scheduler

arriving queue

2

Scheduling Policy

1

3

Deep Learning Application Pod

TensorFlow Container

S
er

v
er

 C
o

n
ta

in
er

4
Scheduling Policy

Placement Policy

Resource 

Monitor

Node Scheduler

waiting queue

Scheduling Policy

Hermes Master

Global Scheduler Pod

Placement Policy

2

3 Preemption Module

DB

5 5

...

Placement Policyarriving queue

1

Figure 3. Overall architecture of Hermes.

The time-sharing supporter in the DL applications consists of a server container for
communicating with other components, and a preemption module for performing the
suspend-resume-based preemption. For enabling time-sharing between DL containers, it
is required to release the GPU memory occupied by a container. To efficiently implement
this, the preemption module offloads part of the DL container utilizing the GPU memory
to a sub-process. The GPU memory can now be managed by killing (freeing) or spawning
(reclaiming) this accompanying sub-process.

The resource monitor periodically checks the loss of DL containers and their GPU
usage. This information is maintained in the database. The communications between
containers as well as between pods happen through REST API.

The overall scheduling flow is also illustrated in Figure 3. First, the global scheduler
selects a DL container from the arriving queue and assigns it to an appropriate Hermes node
2 according to its placement policy 1 . Currently, the global scheduler uses a load-balancing

placement policy such that the number of containers in Hermes nodes is evenly distributed.
Then, the node scheduler executes a container from the waiting queue according to the
scheduling policy at every time quantum (currently set to 10 s) 3 . If a preemption request
is made from the node scheduler, it is delivered to the preemption module in the target DL
container via server container 4 . The preemption module in turn releases the GPU after
the current training iteration is finished 5 . Once the node scheduler confirms that the GPU
is finally released, it runs the selected (pending) DL container.

3.2. Global Scheduler

User jobs are primarily submitted to the global scheduler residing in the master node
of Kubernetes. Then, according to the placement policy, the global scheduler determines
which node will execute the job. The placement algorithm shown in Algorithm 1 is based
on the information in the node table that maintains information about each node. The
execution configuration of the placed job is sent to the scheduler of the selected node in the
form of a REST API.

The current placement policy shown in Algorithm 2 focuses on balancing the load of
the main resource: the GPUs. The submitted jobs are evenly distributed across Hermes
nodes with the available GPUs and share the GPU resources via time-sharing. Thus, as the
number of jobs increases, the GPU holding time in each node decreases. Consequently, the
overall preemption overhead increases as well. To mitigate this problem, we heuristically
set the maximum number of jobs per GPU (Gthres). This effectively bounds the preemption
overhead with the minimal expense of load balancing. Once all nodes have reached their



Electronics 2021, 10, 350 7 of 15

maximum job capacity, the remaining jobs remain in the global scheduler queue. We set
the threshold as Gthres = 4 throughout this work.

Algorithm 1 Placement Algorithm

Input: GPUs G, Job J
1: for job J ∈ J do

2: Gcand ← Find_Available_GPU(G)

3: if Gcand 6= null then

4: Initialize J

5: Enqueue J to Gcand

6: end if

7: end for

Algorithm 2 Find_Available_GPU

Input: GPUs G
Output: Gcand

1: Gthres ← 4 // Gthres: job count threshold in each GPU

2: Gcand ← null

3: for GPU G ∈ G do

4: if # of job in G is fewer than Gthres then

5: if Gcand is null or # of job in G is fewer than Gcand then

6: Gcand ← G

7: end if

8: end if

9: end for

10: return Gcand

3.3. Node Scheduler

Each worker node in Hermes has a dedicated node scheduler and dedicated GPU
resources. Since there is a dedicated node scheduler on each node, different scheduling
policies can be used simultaneously. The node schedulers are responsible for scheduling the
jobs received from the global scheduler. Through kube-apiserver, the container information
of the node and the DL job information (such as the ip) are obtained, and used to manage
the jobs allocated to the node.

The node scheduler currently runs a single DLT job over a single GPU at the same
time. That is, temporal GPU sharing is only permitted while spatial sharing is not possible.
At each scheduling period, the node scheduler receives information about the DLT jobs
running in the worker node from the Resource Monitor and schedules them according to
the convergence rate of each job. If preemption is required in order to execute a selected
job, a suspend command is requested to the preempted job. The job then completes its
current iteration and the current training progress is saved into a Tensorflow checkpoint.
Finally, the GPU is released and the selected job is executed soon after. If the selected job
is a job that has never been executed, a request is sent to kube-apiserver to create a new
job. If the selected job has been suspended (or preempted) before, a resume command is
requested to the job. The job is now reallocated to the GPU, resuming training.
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Hermes calculates the convergence Cj(i) of job j as shown in Figure 4, where qj(i) is
the i-th time quantum of job j, and Lj(i) is a set of losses obtained from the job j during
qj(i). The loss of DL models can fluctuate as shown in Figure 4. Therefore, to circumvent
the fluctuation effect, Hermes uses

lossj(i) =

(
maxl Lj(i) + minl Lj(i)

)
2

(2)

as the representative loss of the qj(i)-th cycle. The convergence of qj(i) is now defined as

Cj(i) =

(
lossj(i− 1)− lossj(i)

)
|Lj(i)|

(3)

If the task i has been executed only once, the loss of previous cycles are unavailable.
Thus, we instead define C such that

Cj(0) =

(
maxl Lj(i)−minl Lj(i)

)
|Lj(i)|

(4)

At each time quantum, the node scheduler compares the recent Cj(i) of each task.
By executing tasks with a large Cj(i), hyper-parameter optimization is accelerated. The
convergence-aware scheduling policy is shown in Algorithm 3.

𝒍𝒐𝒔𝒔𝒋(𝒊 − 𝟏)

𝒋 𝒋

𝒍𝒐𝒔𝒔𝒋(𝒊)

𝑳𝒋(𝒊)

Figure 4. Example of lossj(i). The blue line shows a “noisy” example loss curve. The red line shows
the estimated loss curve, which is less affected by noise.

Another important consideration is that the slope of loss curves decreases exponen-
tially. As a result, the slope difference between different loss curves also becomes smaller,
complicating Hermes’ decision based on priority. To mitigate this, we gradually increase
the length of a job’s quantum once it achieves a certain milestone. This ensures that the
slope difference between loss curves is maintained at a certain level. The milestones are set
by the user as the percentage decrease of the loss.
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Algorithm 3 Convergence-aware Scheduling Algorithm

Input: Iteration i, Convergences C, GPUs G
1: for G ∈ G do

2: jC ← currently running job in G

3: QW ← waiting job queue of G

4: J← jobs in GPU G

5: if J = ∅ then

6: continue

7: end if

8: for J ∈ J do

9: if J is WAITING then

10: Enqueue J to QW

11: end if

12: end for

13: Jsched ← max
J∈QW

CJ(i)

14: if Jsched needs preemption then

15: if JC is PREEMPTIBLE then

16: Preempt Jpreempt

17: end if

18: end if

19: Schedule Jsched

20: end for

3.4. Preemption Module

The preemption module executes the suspend and resume requests issued by the node
scheduler. Both are implemented using TensorFlow hooks (supported from TensorFlow
version r0.12), which is a feature for executing a predetermined function before and after
each iteration of DLT is performed. Using TensorFlow hooks, Hermes supports preemption
of TensorFlow jobs without modifying existing users’ code. Currently, the preemption
module checks whether the running job must be suspended or resumed.

Before the imminent DLT iteration starts, the preemption module checks whether a
request has been received from the node scheduler. If a suspend request has been issued,
the current state is saved into a TensorFlow checkpoint. The GPU is then released and
the job is suspended soon after. In the midst of a DLT iteration, suspend requests are not
handled until it is finished. Once a resume request is received, the preemption module
reallocates the GPU, restores the previously stored checkpoint, and resumes training.

A major implementation issue in the preemption module is that Tensorflow does
not free GPU memory even if session.close() is executed unless the process has been
terminated. Moreover, if the GPU is completely turned off (i.e., using cuda.close() of the
python Numba library), the GPU cannot be used even if a session is regenerated. To
solve this without modifying existing users’ code, Hermes creates a sub-process where
the actual DLT iterations are executed. By doing this, the GPU can be easily released by
terminating the corresponding sub-process during a suspend operation with low overhead
(session.close() takes about < 1 ms and cuda.close() takes about < 0.2 s). Likewise, for a
resume operation, a new sub-process is created and allocated a GPU. At the same time, all
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the DLT related data used by TensorFlow such as the computation graph are transferred to
the sub-process.

4. Performance Evaluation

From now on, we will demonstrate that Hermes can reduce the time for finding
optimal performing hyper-parameter combinations on authentic DL workloads.

4.1. Experiment Setup
4.1.1. Testbed

We evaluated Hermes over a testbed with one Hermes master and four Hermes
nodes. Each Hermes node is comprised of two Intel Xeon Silver 4210@2.20 GHz processors
(10 physical cores, Intel, Santa Clara, CA, USA) with 128 GB RAM, and one NVIDIA RTX
2080 Ti GPU (Nvidia, Santa Clara, CA, USA). Moreover, each node runs on Ubuntu 18.04,
Kubernetes 1.15.3, and Docker 18.09. Since Hermes does not target at multi-GPU training,
distributed DL and job migration, we only used the local file system (Ext4) for saving and
restoring checkpoints.

Although our testbed only consists of NVIDIA RTX 2080 Ti GPUs (Nvidia, Santa
Clara, CA, USA), our method does not assume anything about the underlying hardware.
Thus, our empirical results should naturally apply to other types of GPUs from different
vendors.

4.1.2. Workloads

We constructed workloads using the TensorFlow v1.13.2 framework. We fixed the
random seed and randomized the order of the jobs entering the queue. We trained four
CNN models using ImageNet dataset and hyper-parameters provided by TensorFlow CNN
benchmark suite [14] as shown in Table 1. We used manual search in hyper-parameter
optimization and several meaningful range learning rate with some difference to result
because the experiment takes long time. The final loss of each hyper-parameter combination
was obtained by training for 1000 iterations on a TITAN V GPU. The amount of good hyper-
parameter combinations versus bad hyper-parameter combinations affects the performance
of different scheduling strategies. To evaluate this effect, we constructed two different
types of job bins. Bin type 1 has 4 good combinations while having 16 jobs in total. Bin
type 2 has 12 good combinations while also having 16 jobs. For Hermes’ time-quantum, we
used a length of 10 s. Then, during execution, we gradually increased the quantum as the
number of preemptions adds up. For Gandiva and SLAQ, we set the time quantum to be
30 s. For the comparison, we measured the normalized execution times of four algorithms
using four CNN models. The presented values are the averages of five iterations.

4.1.3. Baselines

We chose three baseline scheduling policies: FIFO, round-robin (RR), and SLAQ [12].
For FIFO, which is the default scheduler of Kubernetes, we do not use preemption and do
not perform additional tuning. We included RR with GPU time-sharing because previous
works such as Gandiva [7], Tiresias [1], and Themis [11] adopt this policy. Lastly, SLAQ, is
an algorithm for improving the DL quality by prioritizing jobs with high loss.

4.2. Hyper-Parameter Optimization Speed

To evaluate the performance of Hermes, we measured the normalized average execu-
tion time for the good performing hyper-parameter combinations to achieve at least 90% of
the optimal loss (time until Cj ≤ 0.1).

The results for Bin type 1 and Bin type 2 are shown in Figure 5. Except for the case of
GoogleNet in Bin type 1, Hermes achieves the lower average hyper-parameter optimization
time in most cases.

We first focus on the case where only a small amount of hyper-parameter combinations
are good (represented by Bin type 1). SLAQ shows poor performance. This is caused by
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SLAQ’s prioritization of poorly performing jobs. Potentially good performing hyper-
parameter combinations are only explored at later phases. Gandiva also appears to be
heavily affected by the amount of poor hyper-parameter combinations. Since all the
jobs are treated equally, poorly performing jobs consistently cause preemption overhead.
On the other hand, Hermes, is much less affected by the number of poorly performing
combinations.

Figure 5. Average execution time that all jobs in Bin types 1 and 2 reach 90%.

In the cases where Hermes did not perform the best, two reasons can be found.
In GoogleNet, the duration of training is relatively short. As a result, the time-sharing
overhead of Hermes becomes relatively dominant, which can be mitigated by increasing
its time-quantum. Since the training times of VGG16, VGG19, and ResNet50 are longer, the
preemption overhead of Hermes is less dominant, resulting in better performance.

Moreover, the performance of FIFO is highly dependent on the job submission order.
If by pure luck the promising jobs happen to be submitted earlier, FIFO ends up performing
very well, which is what happened with GoogleNet. On the other hand, RR is the least
affected by the job submission order compared to other algorithms. Thus, if the promising
jobs are submitted later, RR can uncover them quickly despite the preemption overhead.
Hermes in contrast can be seen as a compromise of the two. While it is not unaffected by
the job submission order as RR, it is much less affected than FIFO. This can be confirmed
from the consistent performance of Hermes. Even when it did not perform the best, it
performed very closely to the best performing algorithm.

Now, we evaluated how effectively Hermes can uncover the best performing combi-
nations among multiple good performing ones (This scenario is represented by Bin type 2).
The results for the normalized average execution time are shown in Figure 6. Hermes is
able to quickly find optimal hyper-parameter combinations among a vast set of poten-
tially optimal combinations. For example, the resulting average speedup is 2.68. On the
other hand, Gandiva suffers severely from the time-sharing overhead. Moreover, since
most hyper-parameter combinations achieve good performance, SLAQ achieves less poor
performance compared to the case in Bin type 1.

Figure 6. Comparison of top-4 jobs reaching 90% (Bin type 2).

In summary, the average speedups of hyper-parameter optimization for GoogleNet,
VGG16, VGG19 and ResNet50 are 2.08, 1.92, 4.04, and 3.39, respectively. Specifically, it
outperformed all other methods except in two cases in Bin type 1. In these two cases, it
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performed closely to the best performing method. Other DL oriented schedulers on the
other hand, generally achieve poor performance except for FIFO, which does not suffer
from time-sharing overhead. However, experimental results show that Hermes accelerates
hyper-parameter optimization in most cases.

4.3. Overhead Analysis

We also evaluated the time-sharing overhead of Hermes. The preemption process
mainly consists of saving and restoring the current job as a TensorFlow checkpoint. The
overhead of saving and restoring a job is shown in Figure 7. In the case of GoogleNet,
which is the smallest model we consider, the time for saving and restoring a job only takes
0.67 s (0.24 s for save and 0.43 s for restore). On the other hand, VGG19 which is the largest
model we consider takes 1.57 s for preemption. Considering that Hermes’ time quantum is
10 s and we also increase the quantum once a job achieves a certain milestone, the overhead
incurred by time-sharing is minimal.

Lastly, we analyzed the overhead of using sub-processes for managing GPU resources.
We compared the execution time of Hermes against directly training a model using Tensor-
Flow. We run SGD for 1000 iterations with a fixed batch size of 16. The results are shown
in Table 2. In the case of GoogleNet, which takes the shortest time to train, it takes 2.5 s
per 1000 iterations as overhead. However, in the case of VGG19 with a long training time,
there is only a slight overhead of less than 2.1%.
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Figure 7. Preemption overhead of each model.

Table 2. Execution time comparison.

Model

GoogleNet VGG16 VGG19 ResNet50

TensorFlow 30.12 s 94.26 s 110.49 s 66.88 s
Hermes 32.73 s 97.25 s 112.73 s 69.46 s

5. Related Work

Hermes is a deep learning scheduling framework that mainly aims to accelerate the
feedback speed of hyper-parameter optimization by GPU preemption and convergence-
rate-aware scheduling algorithm. Therefore, existing studies related with deep learn-
ing scheduling and hyper-parameter optimization frameworks are presented in this sec-
tion. Table 3 summarizes the deep learning scheduling frameworks and their comparison
with Hermes.

Table 3. Summary of deep learning scheduling frameworks.

Frameworks Scheduling
Algorithm

Prior
Knowledge Objective Consider

DL Quality

Gandiva [7] Time-sharing (RR) None Fairness No
Tiresias [1] Gittin index JCT distribution Minimize average JCT No
Themis [11] Semi-optimistic auction None Finish-time fairness No
Optimus [8] Remaining-time-driven JCT estimation Minimize average JCT Yes

FlowCon [10] Growth-efficiency-driven None Minimize average JCT Yes
SLAQ [12] Quality-driven None Average quality improvement Yes

Hermes Feedback-driven None Early feedback Yes
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5.1. Deep Learning Scheduling Frameworks

Gandiva [7] aims to provide early feedback and fairness among jobs through round
robin (RR) scheduling and migration. Gandiva reduces preemption overhead by modifying
user codes written by the DL frameworks such as TensorFlow [13] and PyTorch [24]. The
average JCT is also reduced by packing and migration. However, providing early feedback
is limited especially when the distribution of convergence speeds among job varies. This is
because Gandiva does not consider DL quality.

Tiresias [1] propose a gittin index scheduling policy that considers execution time and
resources simultaneously. The placement policy is based on profiling Tensor of DL model
for minimizing communication overhead. In order to get a gittin index, JCT distribution is
required to calculate the probability of job completion within the next service quantum.
Moreover, accelerating feedback is not a main concern because Tiresias gives higher priority
to jobs that are likely to be finished earlier in the next service quantum.

Themis [11] propose a two-level scheduling architecture with semi-optimistic auction
for finish-time fairness. In Themes, each application bids for a set of GPUs and a centralized
arbiter allocates GPUs appropriately by setting a winning bid. By considering placement
sensitivity in auction, Themis can ensure finish-time fairness in the long term, while
achieving efficiency for fairness in the short term. However, like Gandiva, Themis does not
consider the DLT quality and feedback speed, thus it is not suitable for early feedback.

Optimus [8] and Cynthia [9] are also deep learning scheduling frameworks that
dynamically allocate resources to jobs by considering distributed deep learning (DDL)
related factors such as optimizer and communication overhead. One of the problems in
these studies is that they need prior knowledge of optimizer models. In addition, the
performance model is not accurate especially when interference happens in the network,
PCI, and storage. As these studies mainly target at minimizing average JCT with remaining-
time-driven scheduling, they are not suitable for early feedback.

FlowCon [10] is another resource management framework that dynamically adjusts
the amount of resources based on the growth efficiency which is a measure of convergence
speed of a DL job. The goal of FlowCon is to minimize average JCT rather than early
feedback. FlowCon does not support preemptive scheduling, which makes it hard to
accelerate feedback speed. It also does not consider hyper-parameter optimization in
scheduling.

SLAQ [12] proposes a quality driven scheduling for machine learning jobs to maximize
system-wide quality improvement in CPU-based cluster. Because SLAQ consider ML
quality (i.e., loss) and resource allocation in hyper-parameter exploration without time, it is
hard to measure changes within equal time. Thus, this policy could give higher priority to
quantitatively reduced job not over efficiency in time.

Most of these previous methods, however, are not suited for hyper-parameter opti-
mization, as they do not prioritize jobs with promising hyper-parameter combinations. In
contrast, Hermes utilizes the information available during DLT, and operates a convergence-
aware policy for prioritizing promising jobs. As the results in Section 4 imply, Hermes is
able to efficiently utilize GPU resources and accelerate hyper-parameter optimization.

Lastly, Sherpa [2] is a recently introduced framework with the specific goal of hyper-
parameter optimization. However, the scheduling strategies provided by Sherpa do not
consider convergence feedback. For this reason, the user need to monitor the progress of
the jobs and manually manage the GPU resources. Since Sherpa provides an extendable
interface for its internal scheduler, it would be possible to implement Hermes’s scheduling
strategy on Sherpa and enjoy the benefits of both frameworks.

5.2. Hyper-Parameter Optimization Frameworks

HyperSched [25] proposes a scheduling policy to maximize system-wide accuracy
within a fixed deadline. Therefore, it is difficult to accelerate feedback speed because
the goal is to maximize accuracy rather than early feedback. Meanwhile, HyperOpt [26]
proposes a parallelization framework for hyper-parameter optimization based on Bayesian
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optimization. As the main objective of this research is to provide an efficient hyper-
parameter optimization method for model selection rather than early feedback, it is hard
to accelerate multiple hyper-parameter optimization jobs. Other similar research efforts
related to hyper-parameter optimization such as HyperDrive [27] and HyperBand [28] are
proposed. However, these are also not suitable for early feedback because of the same
reasons mentioned above.

6. Conclusions

Hyper-parameter optimization is an essential process in DLT to improve the quality
of DL models. Due to the large number of hyper-parameters and the size of DL mod-
els used nowadays, accelerating this process is vital. This paper presented Hermes, a
GPU scheduling framework to accelerate hyper-parameter optimization in DL clusters.
Hermes enables parallel optimization of hyper-parameters by time-sharing between DL
jobs. Moreover, it utilizes the feedback about the convergence rate at the early stages of
training for adaptively setting the priority of DL jobs. By combining time-sharing and our
scheduling strategy, Hermes accelerates hyper-parameter optimization by up to 4.04 times
with minimal time-sharing overhead compared to previous studies.
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