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Abstract

We present Park, a platform for researchers to experiment with Reinforcement
Learning (RL) for computer systems. Using RL for improving the performance
of systems has a lot of potential, but is also in many ways very different from,
for example, using RL for games. Thus, in this work we first discuss the unique
challenges RL for systems has, and then propose Park an open extensible platform,
which makes it easier for ML researchers to work on systems problems. Currently,
Park consists of 12 real world system-centric optimization problems with one
common easy to use interface. Finally, we present the performance of existing RL
approaches over those 12 problems and outline potential areas of future work.

1 Introduction

Deep reinforcement learning (RL) has emerged as a general and powerful approach to sequential
decision making problems in recent years. However, real-world applications of deep RL have thus far
been limited. The successes, while impressive, have largely been confined to controlled environments,
such as complex games [70, 78, 91, 97, 100] or simulated robotics tasks [45, 79, 84]. This paper
concerns applications of RL in computer systems, a relatively unexplored domain where RL could
provide significant real-world benefits.

Computer systems are full of sequential decision-making tasks that can naturally be expressed
as Markov decision processes (MDP). Examples include caching (operating systems), congestion
control (networking), query optimization (databases), scheduling (distributed systems), and more
(§2). Since real-world systems are difficult to model accurately, state-of-the-art systems often rely on
human-engineered heuristic algorithms that can leave significant room for improvement [69]. Further,
these algorithms can be complex (e.g., a commercial database query optimizer involves hundreds of
rules [14]), and are often difficult to adapt across different systems and operating environments [63,
66] (e.g., different workloads, different distribution of data in a database, etc.). Furthermore, unlike
control applications in physical systems, most computer systems run in software on readily-available
commodity machines. Hence the cost of experimentation is much lower than physical environments
such as robotics, making it relatively easy to generate abundant data to explore and train RL models.
This mitigates (but does not eliminate) one of the drawbacks of RL approaches in practice — their
high sample complexity [7]. The easy access to training data and the large potential benefits have
attracted a surge of recent interest in the systems community to develop and apply RL tools to various
problems [17, 24, 32, 34, 48, 51, 54, 61-63, 66, 68, 69].

From a machine learning perspective, computer systems present many challenging problems for RL.
The landscape of decision-making problems in systems is vast, ranging from centralized control
problems (e.g., a scheduling agent responsible for an entire computer cluster) to distributed multi-
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agent problems where multiple entities with partial information collaborate to optimize system
performance (e.g., network congestion control with multiple connections sharing bottleneck links).
Further, the control tasks manifest at a variety of timescales, from fast, reactive control systems with
sub-second response-time requirements (e.g., admission/eviction algorithms for caching objects in
memory) to longer term planning problems that consider a wide range of signals to make decisions
(e.g., VM allocation/placement in cloud computing). Importantly, computer systems give rise to new
challenges for learning algorithms that are not common in other domains (§3). Examples of these
challenges include time-varying state or action spaces (e.g., dynamically varying number of jobs and
machines in a computer cluster), structured data sources (e.g., graphs to represent data flow of jobs or
a network’s topology), and highly stochastic environments (e.g., random time-varying workloads).
These challenges present new opportunities for designing RL algorithms. For example, motivated by
applications in networking and queuing systems, recent work [64] developed new general-purpose
control variates for reducing variance of policy gradient algorithms in “input-driven” environments,
in which the system dynamics are affected by an exogenous, stochastic process.

Despite these opportunities, there is relatively little work in the machine learning community on
algorithms and applications of RL in computer systems. We believe a primary reason is the lack of
good benchmarks for evaluating solutions, and the absence of an easy-to-use platform for experi-
menting with RL algorithms in systems. Conducing research on learning-based systems currently
requires significant expertise to implement solutions in real systems, collect suitable real-world traces,
and evaluate solutions rigorously. The primary goal of this paper is to lower the barrier of entry for
machine learning researchers to innovate in computer systems.

We present Park, an open, extensible platform that presents a common RL interface to connect to
a suite of 12 computer system environments (§4). These representative environments span a wide
variety of problems across networking, databases, and distributed systems, and range from centralized
planning problems to distributed fast reactive control tasks. In the backend, the environments are
powered by both real systems (in 7 environments) and high fidelity simulators (in 5 environments).
For each environment, Park defines the MDP formulation, e.g., events that triggers an MDP step,
the state and action spaces and the reward function. This allows researchers to focus on the core
algorithmic and learning challenges, without having to deal with low-level system implementation
issues. At the same time, Park makes it easy to compare different proposed learning agents on a
common benchmark, similar to how OpenAl Gym [19] has standardized RL benchmarks for robotics
control tasks. Finally, Park defines a RPC interface [92] between the RL agent and the backend
system, making it easy to extend to more environments in the future.

We benchmark the 12 systems in Park with both RL methods and existing heuristic baselines (§5).
The experiments benchmark the training efficiency and the eventual performance of RL approaches
on each task. The empirical results are mixed: RL is able to outperform state-of-the-art baselines in
several environments where researchers have developed problem-specific learning methods; for many
other systems, RL has yet to consistently achieve robust performance. We open-source Park as well
as the RL agents and baselines in https://github.com/park-project/park.

2 Sequential Decision Making Problems in Computer Systems

Sequential decision making problems manifest in a variety of ways across computer systems disci-
plines. These problems span a multi-dimensional space from centralized vs. multi-agent control to
reactive, fast control loops vs. long-term planning. In this section, we overview a sample of problems
from each discipline and how to formulate them as MDPs. Appendix A provides further examples
and a more formal description of the MDPs that we have implemented in Park.

Networking. Computer network problems are fundamentally distributed, since they interconnect
independent users. One example is congestion control, where hosts in the network must each
determine the rate to send traffic, accounting for both the capacity of the underlying network
infrastructure and the demands of other users of the network. Each network connection has an
agent (typically at the sender side) setting the sending rate based on how previous packets were
acknowledged. This component is crucial for maintaining a large throughput and low delay.

Another example at the application layer is bitrate adaptation in video streaming. When streaming
videos from content provider, each video is divided into multiple chunks. At watch time, an agent
decides the bitrate (affecting resolution) of each chunk of the video based on the network (e.g.,
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bandwidth and latency measurements) and video characteristics (e.g., type of video, encoding scheme,
etc.). The goal is to learn a policy that maximizes the resolution while minimizing chance of stalls
(when slow network cannot download a chunk fast enough).

Databases. Databases seek to efficiently organize and retrieve data in response to user requests. To
efficiently organize data, it is important to index, or arrange, the data to suit the retrieval patterns. An
indexing agent could observe query patterns and accordingly decide how to best structure, store, and
over time, re-organize the data.

Another example is query optimization. Modern query optimizers are complex heuristics which use a
combination of rules, handcrafted cost models, data statistics, and dynamic programming, with the
goal to re-order the query operators (e.g., joins, predicates) to ultimately lower the execution time.
Unfortunately, existing query optimizers do not improve over time and do not learn from mistakes.
Thus, they are an obvious candidate to be optimized through RL [66]. Here, the goal is to learn a
query optimization policy based on the feedback from optimizing and running a query plan.

Distributed systems. Distributed systems handle computations that are too large to fit on one
computer; for example, the Spark framework for big-data processing computes results across data
stored on multiple computers [107]. To efficiently perform such computations, a job scheduler decides
how the system should assign compute and memory resources to jobs to achieve fast completion
times. Data processing jobs often have complex structure (e.g., Spark jobs are structured as dataflow
graphs, Tensorflow models are computation graphs). The agent in this case observes a set of jobs and
the status of the compute resources (e.g., how each job is currently assigned). The action decides how
to place jobs onto compute resources. The goal is to complete the jobs as soon as possible.

Operating systems. Operating systems seek to efficiently multiplex hardware resources (compute,
memory, storage) amongst various application processes. One example is providing a memory
hierarchy: computer systems have a limited amount of fast memory and relatively large amounts
of slow storage. Operating systems provide caching mechanisms which multiplex limited memory
amongst applications which achieve performance benefits from residency in faster portions of the
cache hierarchy. In this setting, an RL agent can observe the information of both the existing objects
in the cache and the incoming object; it then decides whether to admit the incoming object and
which stale objects to evict from the cache. The goal is to maximize the cache hit rate (so that more
application reads occur from fast memory) based on the access pattern of the objects.

Another example is CPU power state management. Operating systems control whether the CPU
should run at an increased clock speed and boost application performance, or save energy with at a
lower clock speed. An RL agent can dynamically control the clock speed based on the observation
of how each application is running (e.g., is an application CPU bound or network bound, is the
application performing IO tasks). The goal is to maintain high application performance while
reducing the power consumption.

3 RL for Systems Characteristics and Challenges

In this section, we explain the unique characteristics and challenges that often prevent off-the-shelf
RL methods from achieving strong performance in different computer system problems. Admittedly,
each system has its own complexity and contains special challenges. Here, we primarily focus on the
common challenges that arise across many systems in different stages of the RL design pipeline.

3.1 State-action Space

The needle-in-the-haystack problem. In some computer systems, the majority of the state-action
space presents little difference in reward feedback for exploration. This provides no meaningful
gradient during RL training, especially in the beginning, when policies are randomly initialized.
Network congestion control is a classic example: even in the simple case of a fixed-rate link, setting
the sending rate above the available network bandwidth saturates the link and the network queue.
Then, changes in the sending rate above this threshold result in an equivalently bad throughput and
delay, leading to constant, low rewards. To exit this bad state, the agent must set a low sending rate
for multiple consecutive steps to drain the queue before receiving any positive reward. Random
exploration is not effective at learning this behavior because any random action can easily overshadow
several good actions, making it difficult to distinguish good action sequences from bad ones. Circuit



GCN direct GCN transfer | LSTM direct | LSTM transfer Random
CIFAR-10 [52] 1.734+041 | 1.81+£0.39 | 1.78 £0.38 1.97 £0.37 2.15+£0.39
Penn Tree Bank [65] | 4.84 £0.64 | 4.96 +=0.63 | 5.09 £0.63 5.28 £0.6 5.42 £ 0.57
NMT [11] 1.98 +0.55 | 2.07 £ 0.51 2.16 £ 0.56 2.88 £ 0.66 2.47 £0.48

Table 1: Generalizability of GCN and LSTM state representation in the Tensorflow device placement environ-
ment. The numbers are average runtime in seconds. + spans one standard deviation. Bold font indicate the
runtime is within 5% of the best runtime. “Transfer” means testing on unseen models in the dataset.

design is another example: when any of the circuit components falls outside the operating region (the
exact boundary is unknown before invoking the circuit simulator), the circuit cannot function properly
and the environment returns a constant bad reward. As a result, exploring these areas provides little
gradient for policy training.

In these environments, using domain-knowledge to confine the search space helps to train a strong
policy. For example, we observed significant performance improvements for network congestion
control problems when restricting the policy (see also Figure 4d). Also, environment-specific reward
shaping [76] or bootstrapping from existing policies [41, 90] can improve policy search efficiency.

Representation of state-action space. When designing RL methods for problems with complex
structure, properly encoding the state-action space is the key challenge. In some systems, the action
space grows exponentially large as the problem size increases. For example, in switch scheduling,
the action is a bijection mapping (a matching) between input and output ports — a standard 32-port
would have 32! possible matching. Encoding such a large action space is challenging and makes it
hard to use off-the-shelf RL agents. In other cases, the size of the action space is constantly changing
over time. For example, a typical problem is to map jobs to machines. In this case, the number of
possible mappings and thus, actions increases with the number of new jobs in the system.

Unsurprisingly, domain specific representations that capture inherent structure in the state space
can significantly improve training efficiency and generalization. For example, Spark jobs, Tensor-
flow components, and circuit design are to some degree dataflow graphs. For these environments,
leveraging Graph Convolutional Neural Networks (GCNs) [50] rather than LSTMs can significantly
improves generalization (see Table 1). However, finding the right representation for each problem is
a central challenge, and for some domains, e.g., query optimization, remains largely unsolved.

3.2 Decision Process
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. . . . showing how different instances of a stochastic
For illustration, consider the load balancing example  jnput process can have vastly different rewards.

in Figure 1. If the arrival sequence after time ¢ con- After time t, we samp]e two jOb arrival sequences
sists of a burst of large jobs (e.g., job sequence 1), from a Poisson process. Figure adopted from [63].
the job queue will grow and the agent will receive

low rewards. In contrast, a stream of lightweight jobs

(e.g., job sequence 2) will lead to short queues and large rewards. The problem is that this difference
in reward is independent of the action at time ¢; rather, it is caused purely by the randomness in the
job arrival process. In these environments, the agents cannot tell whether two reward feedbacks differ
due to disparate input processes, or due to the quality of the actions. As a result, standard methods
for estimating the value of an action suffer from high variance.

Prior work proposed an input-dependent baseline that effectively reduces the variance from the
input process [64]. Figure 5 in [64] shows the policy improvement when using input-dependent
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Figure 2: Demonstration of the gap between simulation and reality in the load balancing environment. (a)
Distribution of job sizes in the training workload. (b, c¢) Testing agents on a particular distribution. An agent
trained with distribution 5 is more robust than one trained with distribution 1. (d, ¢) A “reservation” policy that
keeps a server empty for small jobs. Such a policy overfits distribution 1 and is not robust to workload changes.

baselines in the load-balancing and adaptive video streaming environments. However, the proposed
training implementations (“multi-value network™ and “meta baseline”) are tailored for policy gradient
methods and require the environments to have a repeatable input process (e.g., in simulation, or real
systems with controllable input sequence). Thus, coping with input-driven variance remains an open
problem for value-based RL methods and for environments with uncontrollable input processes.

Infinite horizon problems. In practice, production computer systems (e.g., Spark schedulers, load
balancers, cache controllers, etc.) are long running and host services indefinitely. This creates
an infinite horizon MDP [13] that prevents the RL agents from performing episodic training. In
particular, this creates difficulties for bootstrapping a value estimation since there is no terminal
state to easily assign a known target value. Moreover, the discounted total reward formulation in the
episodic case might not be suitable — an action in a long running system can have impact beyond a
fixed discounting window. For example, scheduling a large job on a slow server blocks future small
jobs (affecting job runtime in the rewards), no matter whether the small jobs arrive immediately after
the large job or much farther in the future over the course of the lifetime of the large job. Average
reward RL formulations can be a viable alternative in this setting (see §10.3 in [93] for an example).

3.3 Simulation-Reality Gap

Unlike training RL in simulation, robustly deploying a trained RL agent or directly training RL on an
actual running computer systems has several difficulties. First, discrepancies between simulation and
reality prevent direct generalization. For example, in database query optimization, existing simulators
or query planners use offline cost models to predict query execution time (as a proxy for the reward).
However, the accuracy of the cost model quickly degrades as the query gets more complex due to
both variance in the underlying data distribution and system-specific artifacts [53].

Second, interactions with some real systems can be slow. In adaptive video streaming, for example,
the agent controls the bitrate for each chunk of a video. Thus, the system returns a reward to the
agent only after a video chunk is downloaded, which typically takes a few seconds. Naively using the
same training method from simulation (as in Figure 4a) would take a single-threaded agent more than
10 years to complete training in reality.

Finally, live training or directly deploying an agent from simulation can degrade the system perfor-
mance. Figure 2 describes a concrete example for load balancing. The reason is that based on the
bimodal distribution in the beginning, it learns to reserve a certain server for small jobs. However,
when the distribution changes, blindly reserving a server wastes compute resource and reduces system
throughput. Therefore, to deploy training algorithms online, these problems require RL to train robust
policies that ensure safety [2, 33, 49].

3.4 Understandability over Existing Heuristics

As in other areas of ML, interpretability plays an important role in making learning techniques
practical. However, in contrast to perception-based problems or games, for system problems, many
reasonable good heuristics exist. For example, every introductory course to computer science features
a basic scheduling algorithm such as FIFO. These heuristics are often easy to understand and to
debug, whereas a learned approach is often not. Hence, making learning algorithms in systems as
debuggable and interpretable as existing heuristics is a key challenge. Here, a unique opportunity
is to build hybrid solutions, which combine learning-based techniques with traditional heuristics.
Existing heuristics can not only help to bootstrap certain problems, but also help with safety and
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Figure 3: Park architects an RL-as-a-service design paradigm. The computer system connects to an RL agent
through a canonical request/response interface, which hides the system complexity from the RL agent. Algorithm
1 describes a cycle of the system interaction with the RL agent. By wrapping with an agent-centric environment
in Algorithm 2, Park’s interface also supports OpenAl Gym [19] like interaction for simulated environments.

generalizability. For example, a learned scheduling algorithm could fall back to a simple heuristic if
it detects that the input distribution significantly drifted.

4 The Park Platform

Park follows a standard request-response design pattern. The backend system runs continuously and
periodically send requests to the learning agent to take control actions. To connect the systems to
the RL agents, Park defines a common interface and hosts a server that listens for requests from the
backend system. The backend system and the agent run on different processes (which can also run
on different machines) and they communicate using remote procedure calls (RPCs). This design
essentially structures RL as a service. Figure 3 provides an overview of Park.

Real system interaction loop. Each system defines its own events to trigger an MDP step. At each
step, the system sends an RPC request that contains the current state and a reward corresponding to the
last action. Upon receiving the request, the Park server invokes the RL agent. The implementation of
the agent is up to the users (e.g., feature extraction, training process, inference methods). In Figure 3,
Algorithm 1 depicts this interaction process. Notice that invoking the agent incurs a physical delay
for the RPC response from the server. Depending on the underlying implementation, the system may
or may not wait synchronously during this delay. For non-blocking RPCs, the state observed by the
agent can be stale (which typically would not occur in simulation). On the other hand, if the system
makes blocking RPC requests, then taking a long time to compute an action (e.g., while performing
MCTS search [91]) can degrade the system performance. Designing high-performance RL training
or inference agents in a real computer system should explicitly take this delay factor into account.

Wrapper for simulated interaction. By wrapping the request-response interface with a shim layer,
Park also supports an “agent-centric” style of interaction advocated by OpenAl Gym [19]. In Figure 3,
Algorithm 2 outlines this option in simulated system environments. The agent explicitly steps the
environment forward by sending the action to the underlying system through the RPC response. The
interface then waits on the RPC server for the next action request. With this interface, we can directly
reuse existing off-the-shelf RL training implementations benchmarked on Gym [26].

Scalability. The common interface allows multiple instances of a system environment to run concur-
rently. These systems can generate the experience in parallel to speed up RL training. As a concrete
example, to implement IMPALA [28] style of distributed RL training, the interface takes multiple
actor instance at initialization. Each actor corresponds to an environment instance. When receiving
an RPC request, the interface then uses the RPC request ID to route the request to the corresponding
actor. The actor reports the experience to the learner (globally maintained for all agents) when the
experience buffer reaches the batch size for training and parameter updating.

Environments. Table 2 provides an overview of 12 environments that we have implemented in
Park. Appendix A contains the detailed descriptions of each problem, its MDP definition, and
explanations of why RL could provide benefits in each environment. Seven of the environments
use real systems in the backend (see Table 2). For the remaining five environments, which have
well-understood dynamics, we provide a simulator to facilitate easier setup and faster RL training. For
these simulated environments, Park uses real-world traces to ensure that they mimic their respective
real-world environments faithfully. For example, for the CDN memory caching environment, we



Envir t Type State space Action space Reward Step time Chall (§3)
Past network throughput Combination
Adaptive . measurements, playback Bitrate of the A X Real: ~3s Input-driven variance,
. . Real/sim . N . of resolution and . . I
video streaming buffer size, portion of next video chunk . Sim: ~1ms slow interaction time
h stall time
unwatched video
Cluster and job Input-driven variance,
Spark cluster Real/sim information as features Node to Runtime penalty Real: ~5s state representation,
job scheduling S attached to each node schedule next of each job Sim: ~5ms infinite horizon,
of the job DAGs reality gap
Query graph with
SQL def,tal_)usef Real predicate and table Edge (o join next Cost model or 55 State representation,
query optimization features on nodes, actual query time reality gap
join attributes on edges
Sparse space for
Network Throughput, delay Congestion window Combination of exploration, safe
. Real . ~10ms Lo
congestion control and packet loss and pacing rate throughput and delay exploration, infinite
horizon
Network active Past queuing delay, Combination of Infinite horizon,
Real Drop rate ~50ms .
queue management enqueue/dequeue rate throughput and delay reality gap
Current device placement
Tensorflow . and runtime costs as Updated placement Penalty of runtime Real: ~2s State representation,
. Real/sim X . . . .
device placement features attached to each of the current node | and invalid placement | Sim: ~10ms reality gap
node of the job DAGs
Circuit graph with TranS{stor sizes, Combination of State representation,
- . . component ID, type capacitance and ) . RN
Circuit design Sim . N . bandwidth, power ~2s sparse space for
and static parameters resistance of and eain exploration
as features on the node each node & plora
. . . . Input-driven variance,
CDN . Sim Obje.Ct size, time since Admit/drop Byte hits ~2ms infinite horizon,
memory caching last hit, cache occupancy . .
safe exploration
Multi-dim database Query workload, Layout for data Stute/actlgn
R N Real . S Query throughput ~30s representation,
indexing stored data points organization L -
infinite horizon
Al t 1 3 . . .
Account . coount ‘anguage Account region Serving cost . State/action
region assignment Sim region of request, assignment in the future ~lms representation
set of linked websites
Server load . Current load of l.h © Server ID to Runtime penalty Inp_u 1—-dr'|ven variance,
. Sim servers and the size . . N ~1ms infinite horizon,
balancing X A assign the job of each job .
of incoming job safe exploration
. Bijection mapping . L.
. . . f . Penalty of . .
Switch scheduling Sim .Queue oceupancy tor from input ports enaity ol remaining ~1lms Action representation
input-output port pairs packets in the queue
to output ports

Table 2: Overview of the computer system environments supported by Park platform.

use an open dataset containing 500 million requests, collected from a public CDN serving top-ten
US websites [15]. Given the request pattern, precisely simulating the dynamics of the cache (hits
and evictions) is straightforward. Moreover, for each system environment, we also summarize the
potential challenges from §3.

Extensibility. Adding a new system environment in Park is straightforward. For a new system, it
only needs to specify (1) the state-action space definition (e.g., tensor, graph, powerset, etc.), (2) the
event to trigger an MDP step, at which it sends an RPC request and (3) the function to calculate the
reward feedback. From the agent’s perspective, as long as the state-action space remains similar,
it can use the same RL algorithm for the new environment. The common interface decouples the
development of an RL agent from the complexity of the underlying system implementations.

5 Benchmark Experiments

We train the agents on the system environments in Park with several existing RL algorithms, including
DQN [70], A2C [71], Policy Gradient [94] and DDPG [55]. When available, we also provide the
existing heuristics and the optimal policy (specifically designed for each environment) for comparison.
The details of hyperparameter tunings, agent architecture and system configurations are in Appendix B.
Figure 4 shows the experiment results. As a sanity check, the performance of the RL policy improves
over time from random initialization in all environments.

Room for improvement. We highlight system environments that exhibit unstable learning behaviors
and potentially have large room for performance improvement. We believe that the instability
observed in some of the environments are due to fundamental challenges that require new training
procedure. For example, the policy in Figure 4h is unable to smoothly converge partially because
of the variance caused by the cache arrival input sequence (§3.2). For database optimization in
Figure 4c, RL methods that make one-shot decisions, such as DQN, do not converge to a stable
policy; combining with explicit search [66] may improve the RL performance. In network congestion
control, random exploration is inefficient to search the large state space that provides little reward
gradient. This is because unstable control policies (which widely spans the policy space) cannot drain
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Figure 4: Benchmarks of the existing standard RL algorithms on Park environments. In y-axes, “testing” means
the agents are tested with unseen settings in the environment (e.g., newly sampled workload unseen during
training, unseen job patterns to schedule, etc.). The heuristic or optimal policies are provided as comparison.

the network queue fast enough and results in indistinguishable (e.g., delay matches max queuing
delay) poor rewards (as discussed in §3.1). Confining the search space with domain knowledge
significantly improves learning efficiency in Figure 4d (implementation details in Appendix B.2). For
Tensorflow device placement in Figure 4f, using graph convolutional neural networks (GCNs) [50]
for state encoding is natural to the problem setting and allows the RL agent to learn more than 5 times
faster than using LSTM encodings [68]. Using more efficient encoding may improve the performance
and generalizability further.

For some of the environments, we were forced to simplify the task to make it feasible to apply
standard RL algorithms. Specifically, in CDN memory caching (Figure 4h), we only use a small IMB
cache (typical CDN caches are over a few GB); a large cache causes the reward (i.e., cache hit/miss)
for an action to be significantly delayed (until the object is evicted from the cache, which can take
hundreds of thousands of steps in large caches) [15]. For account region assignment in Figure 4j, we
only allocate an account at initialization (without further migration). Active migration at runtime
requires a novel action encoding (how to map any account to any region) that is scalable to arbitrary
size of the action space (since the number of accounts keep growing). In Figure 41, we only test with
a small switch with 3 x 3 ports, because standard policy network cannot encode or efficiently search
the exponentially large action space when the number of ports grow beyond 10 x 10 (as described in
§3.1). These tasks are examples where applying RL in realistic settings may require inventing new
learning techniques (§3).

6 Conclusion

Park provides a common interface to a wide spectrum of real-world systems problems, and is designed
to be easily-extensible to new systems. Through Park, we identify several unique challenges that may
fundamentally require new algorithmic development in RL. The platform makes systems problems
easily-accessible to researchers from the machine learning community so that they can focus on the
algorithmic aspect of these challenges. We have open-sourced Park along with the benchmark RL
agents and the existing baselines in https://github.com/park-project.


https://github.com/park-project

Acknowledgments. We thank the anonymous NeurIPS reviewers for their constructive feedback.
This work was funded in part by the NSF grants CNS-1751009, CNS-1617702, a Google Faculty
Research Award, an AWS Machine Learning Research Award, a Cisco Research Center Award, an
Alfred P. Sloan Research Fellowship, and sponsors of the MIT DSAIL lab.

References

(1]

(2]
(3]
(4]
(5]
(6]
(7]
(8]
(9]
(10]
(11]

[12]

[13]

[14]

[15]

[16]

(7]
(18]
[19]
[20]
(21]

(22]

(23]

M. Abadi, P. Barham, J. Chen, Z. Chen, A. Davis, J. Dean, M. Devin, et al. “TensorFlow: A System for
Large-scale Machine Learning”. In: Proceedings of the 12" USENIX Conference on Operating Systems
Design and Implementation (OSDI). Savannah, Georgia, USA, Nov. 2016, pp. 265-283.

J. Achiam, D. Held, A. Tamar, and P. Abbeel. “Constrained policy optimization”. In: Proceedings of the
34th International Conference on Machine Learning-Volume 70. IMLR. org. 2017, pp. 22-31.

R. Addanki, S. B. Venkatakrishnan, S. Gupta, H. Mao, and M. Alizadeh. “Placeto: Efficient Progressive
Device Placement Optimization”. In: NIPS Machine Learning for Systems Workshop. 2018.

Akamai. dash.js. https://github.com/Dash-Industry-Forum/dash. js/. 2016.

7. Akhtar, Y. S. Nam, R. Govindan, S. Rao, J. Chen, E. Katz-Bassett, B. Ribeiro, et al. “Oboe: auto-
tuning video ABR algorithms to network conditions”. In: Proceedings of the 2018 Conference of the
ACM Special Interest Group on Data Communication. ACM. 2018, pp. 44-58.

M. Alicherry and T. V. Lakshman. “Network Aware Resource Allocation in Distributed Clouds”. In:
2012 Proceedings IEEE INFOCOM. INFOCOM ’12. Mar. 2012, pp. 963-971.

D. Amodei and D. Hernandez. Al and Compute. https://openai.com/blog/ai-and-compute/.
2018.

V. Arun and H. Balakrishnan. “Copa: Congestion Control Combining Objective Optimization with
Window Adjustments”. In: NSDI. 2018.

K. J. Astrom, T. Higglund, and K. J. Astrom. Advanced PID control. Vol. 461. ISA-The Instrumentation,
Systems, and Automation Society Research Triangle . .., 2006.

S. Athuraliya, V. H. Li, S. H. Low, and Q. Yin. “REM: Active queue management”. In: Teletraffic
Science and Engineering. Vol. 4. Elsevier, 2001, pp. 817-828.

D. Bahdanau, K. Cho, and Y. Bengio. “Neural machine translation by jointly learning to align and
translate”. In: arXiv preprint arXiv:1409.0473 (2014).

L. A. Barroso, J. Clidaras, and U. Holzle. “The Datacenter as a Computer: An Introduction to the Design
of Warehouse-Scale Machines, Second edition”. In: Synthesis Lectures on Computer Architecture 8.3
(2013), pp. 1-154.

J. Baxter and P. L. Bartlett. “Infinite-Horizon Policy-Gradient Estimation”. In: Journal of Artificial
Intelligence Research. JAIR "01 15 (Nov. 2001), pp. 319-350.

E. Begoli, J. Camacho-Rodriguez, J. Hyde, M. J. Mior, and D. Lemire. “Apache calcite: A foundational
framework for optimized query processing over heterogeneous data sources”. In: Proceedings of the
2018 International Conference on Management of Data. ACM. 2018, pp. 221-230.

D. S. Berger. “Towards Lightweight and Robust Machine Learning for CDN Caching”. In: Proceedings
of the 17th ACM Workshop on Hot Topics in Networks. ACM. 2018, pp. 134-140.

D. S. Berger, R. K. Sitaraman, and M. Harchol-Balter. “AdaptSize: Orchestrating the hot object memory
cache in a content delivery network™. In: /4th {USENIX} Symposium on Networked Systems Design
and Implementation ({NSDI} 17). 2017, pp. 483-498.

J. A. Boyan and M. L. Littman. “Packet routing in dynamically changing networks: A reinforcement
learning approach”. In: Advances in neural information processing systems (1994).

L. S. Brakmo and L. L. Peterson. “TCP Vegas: End to end congestion avoidance on a global Internet”.
In: IEEE Journal on selected Areas in communications 13.8 (1995), pp. 1465-1480.

G. Brockman, V. Cheung, L. Pettersson, J. Schneider, J. Schulman, J. Tang, and W. Zaremba. OpenAl
Gym.https://gym.openai.com/docs/. 2016.

M. M. Bronstein, J. Bruna, Y. LeCun, A. Szlam, and P. Vandergheynst. “Geometric deep learning: going
beyond euclidean data”. In: IEEE Signal Processing Magazine 34.4 (2017), pp. 18-42.

O. Chapelle and L. Li. “An Empirical Evaluation of Thompson Sampling”. In: Advances in Neural
Information Processing Systems. NIPS’11. 2011.

L. Chen, J. Lingys, K. Chen, and F. Liu. “AuTO: scaling deep reinforcement learning for datacenter-scale
automatic traffic optimization”. In: Proceedings of the 2018 Conference of the ACM Special Interest
Group on Data Communication. ACM. 2018, pp. 191-205.

T. Chilimbi, Y. Suzue, J. Apacible, and K. Kalyanaraman. “Project Adam: Building an Efficient and
Scalable Deep Learning Training System”. In: OSDI. Broomfield, CO: USENIX Association, Oct. 2014,
pp. 571-582.


https://github.com/Dash-Industry-Forum/dash.js/
https://openai.com/blog/ai-and-compute/
https://gym.openai.com/docs/

[24]
[25]
(26]
[27]

(28]

[29]

(30]

(31]
(32]
(33]
[34]

(35]

[36]

(37]

(38]
(39]

[40]

[41]

[42]

[43]

[44]

[45]
[46]

[47]
(48]

[49]

M. Claeys, S. Latre, J. Famaey, and F. De Turck. “Design and evaluation of a self-learning HTTP
adaptive video streaming client”. In: IEEE communications letters 18.4 (2014), pp. 716-719.

D. Daley. “Certain optimality properties of the first-come first-served discipline for G/G/s queues”. In:
Stochastic Processes and their Applications 25 (1987), pp. 301-308.

P. Dhariwal, C. Hesse, O. Klimov, A. Nichol, M. Plappert, A. Radford, J. Schulman, et al. OpenAl
Baselines. https://github.com/openai/baselines. 2017.

M. Dong, T. Meng, D Zarchy, E Arslan, Y Gilad, B Godfrey, and M Schapira. “PCC Vivace: Online-
Learning Congestion Control”. In: NSDI. 2018.

L. Espeholt, H. Soyer, R. Munos, K. Simonyan, V. Mnih, T. Ward, Y. Doron, et al. “IMPALA: Scal-
able Distributed Deep-RL with Importance Weighted Actor-Learner Architectures”. In: International
Conference on Machine Learning. 2018, pp. 1406-1415.

H. Feng, V. Misra, and D. Rubenstein. “Optimal state-free, size-aware dispatching for heterogeneous
M/G/-type systems”. In: Performance evaluation 62.1-4 (2005), pp. 475-492.

A. D. Ferguson, P. Bodik, S. Kandula, E. Boutin, and R. Fonseca. “Jockey: guaranteed job latency in
data parallel clusters”. In: Proceedings of the 7th ACM european conference on Computer Systems.
ACM. 2012.

S. Floyd and V. Jacobson. “Random early detection gateways for congestion avoidance”. In: IEEE/ACM
Transactions on Networking (ToN) 1.4 (1993), pp. 397—413.

Y. Gao, L. Chen, and B. Li. “Spotlight: Optimizing device placement for training deep neural networks”.
In: International Conference on Machine Learning. 2018, pp. 1662—-1670.

J. Garcia and F. Ferndndez. “A comprehensive survey on safe reinforcement learning”. In: Journal of
Machine Learning Research 16.1 (2015), pp. 1437-1480.

J. Gauci, E. Conti, Y. Liang, K. Virochsiri, Y. He, Z. Kaden, V. Narayanan, et al. “Horizon: Facebook’s
Open Source Applied Reinforcement Learning Platform”. In: arXiv preprint arXiv:1811.00260 (2018).
P. Giaccone, B. Prabhakar, and D. Shah. “Towards simple, high-performance schedulers for high-
aggregate bandwidth switches”. In: Proceedings. Twenty-First Annual Joint Conference of the IEEE
Computer and Communications Societies. Vol. 3. IEEE. 2002, pp. 1160-1169.

R. Grandl, S. Kandula, S. Rao, A. Akella, and J. Kulkarni. “Graphene: Packing and dependency-aware
scheduling for data-parallel clusters”. In: Proceedings of OSDI. USENIX Association. 2016, pp. 81-97.
A. Greenberg, J. R. Hamilton, N. Jain, S. Kandula, C. Kim, P. Lahiri, D. A. Maltz, et al. “VL2: a scalable
and flexible data center network™. In: ACM SIGCOMM computer communication review. Vol. 39. 4.
ACM. 2009, pp. 51-62.

W. Hamilton, Z. Ying, and J. Leskovec. “Inductive representation learning on large graphs”. In: Advances
in Neural Information Processing Systems. 2017, pp. 1024-1034.

M. Harchol-Balter and R. Vesilo. “To Balance or Unbalance Load in Size-interval Task Allocation”. In:
Probability in the Engineering and Informational Sciences 24.2 (Apr. 2010), pp. 219-244.

S. Hasan, S. Gorinsky, C. Dovrolis, and R. K. Sitaraman. “Trade-offs in optimizing the cache deploy-
ments of cdns”. In: IEEE INFOCOM 2014-1EEE conference on computer communications. IEEE. 2014,
pp. 460-468.

T. Hester, M. Vecerik, O. Pietquin, M. Lanctot, T. Schaul, B. Piot, D. Horgan, et al. “Deep Q-Learning
from Demonstrations”. In: Thirty-Second AAAI Conference on Artifical Intelligence. AAAI *18. New
Orleans: IEEE, Apr. 2017.

C. V. Hollot, V. Misra, D. Towsley, and W.-B. Gong. “On designing improved controllers for AQM
routers supporting TCP flows”. In: INFOCOM 2001. Twentieth Annual Joint Conference of the IEEE
Computer and Communications Societies. Proceedings. IEEE. Vol. 3. IEEE. 2001, pp. 1726-1734.
T.-Y. Huang, R. Johari, N. McKeown, M. Trunnell, and M. Watson. “A Buffer-based Approach to
Rate Adaptation: Evidence from a Large Video Streaming Service”. In: Proceedings of the 2014 ACM
Conference on SIGCOMM. SIGCOMM. Chicago, Illinois, USA: ACM, 2014.

D. K. Hunter, D. Cotter, R. B. Ahmad, W. D. Cornwell, T. H. Gilfedder, P. J. Legg, and I. Andonovic.
“2/spl times/2 buffered switch fabrics for traffic routing, merging, and shaping in photonic cell networks”.
In: Journal of lightwave technology 15.1 (1997), pp. 86—101.

J. Hwangbo, J. Lee, A. Dosovitskiy, D. Bellicoso, V. Tsounis, V. Koltun, and M. Hutter. “Learning agile
and dynamic motor skills for legged robots”. In: Science Robotics 4.26 (2019), eaau5872.

IBM. The Spatial Index. https://www.ibm.com/support/knowledgecenter/SSGU8G_12.1.0/
com.ibm.spatial.doc/ids_spat_024.htm.

V. Jacobson. “Congestion Avoidance and Control”. In: SIGCOMM. 1988.

N. Jay, N. H. Rotman, P Godfrey, M. Schapira, and A. Tamar. “Internet congestion control via deep
reinforcement learning”. In: arXiv preprint arXiv:1810.03259 (2018).

D. Kang, D. Raghavan, P. Bailis, and M. Zaharia. “Model assertions for debugging machine learning”.
In: NeurlPS MLSys Workshop. 2018.

10


https://github.com/openai/baselines
https://www.ibm.com/support/knowledgecenter/SSGU8G_12.1.0/com.ibm.spatial.doc/ids_spat_024.htm
https://www.ibm.com/support/knowledgecenter/SSGU8G_12.1.0/com.ibm.spatial.doc/ids_spat_024.htm

[50]
[51]

[52]
(53]

[54]
[55]
[56]
[57]

(58]

[59]
[60]

[61]

[62]
[63]

[64]

[65]
[66]
[67]
[68]

[69]

[70]
[71]
[72]
(73]
[74]
[75]
[76]

(771

T. N. Kipf and M. Welling. “Semi-Supervised Classification with Graph Convolutional Networks”. In:
CoRR abs/1609.02907 (2016).

S. Krishnan, Z. Yang, K. Goldberg, J. Hellerstein, and . Stoica. “Learning to optimize join queries with
deep reinforcement learning”. In: arXiv preprint arXiv:1808.03196 (2018).

A. Krizhevsky and G. Hinton. “Convolutional deep belief networks on cifar-10”. In: (2010).

V. Leis, A. Gubichev, A. Mirchev, P. Boncz, A. Kemper, and T. Neumann. “How Good Are Query
Optimizers, Really?” In: Proc. VLDB Endow. VLDB ’15 9.3 (Nov. 2015), pp. 204-215.

Y. Li. Reinforcement Learning Applications. https://medium.com/@yuxili/rl-applications-
73ef685c07eb. 2019.

T. P. Lillicrap, J. J. Hunt, A. Pritzel, N. Heess, T. Erez, Y. Tassa, D. Silver, et al. “Continuous control
with deep reinforcement learning”. In: arXiv preprint arXiv:1509.02971 (2015).

B. Liu, F. V. Fernandez, Q. Zhang, M. Pak, S. Sipahi, and G. Gielen. “An enhanced MOEA/D-DE and
its application to multiobjective analog cell sizing”. In: CEC. 2010.

T. Lu, D. Pél, and M. Pal. “Contextual multi-armed bandits”. In: Proceedings of the Thirteenth interna-
tional conference on Artificial Intelligence and Statistics. 2010, pp. 485-492.

W. Lyu, F. Yang, C. Yan, D. Zhou, and X. Zeng. “Batch bayesian optimization via multi-objective
acquisition ensemble for automated analog circuit design”. In: International Conference on Machine
Learning. 2018, pp. 3312-3320.

W. Lyu, F. Yang, C. Yan, D. Zhou, and X. Zeng. “Multi-objective bayesian optimization for analog/RF
circuit synthesis”. In: DAC. 2018.

S. T. Maguluri and R Srikant. “Heavy traffic queue length behavior in a switch under the MaxWeight
algorithm”. In: Stochastic Systems 6.1 (2016), pp. 211-250.

H. Mao, M. Alizadeh, 1. Menache, and S. Kandula. “Resource Management with Deep Reinforcement
Learning”. In: Proceedings of the 15th ACM Workshop on Hot Topics in Networks (HotNets). Atlanta,
GA, 2016.

H. Mao, R. Netravali, and M. Alizadeh. “Neural Adaptive Video Streaming with Pensieve”. In: Proceed-
ings of the ACM SIGCOMM 2017 Conference. ACM. 2017.

H. Mao, M. Schwarzkopf, S. B. Venkatakrishnan, Z. Meng, and M. Alizadeh. “Learning Scheduling
Algorithms for Data Processing Clusters”. In: arXiv preprint arXiv:1810.01963 (2018).

H. Mao, S. B. Venkatakrishnan, M. Schwarzkopf, and M. Alizadeh. “Variance Reduction for Reinforce-
ment Learning in Input-Driven Environments”. In: Proceedings of the 7th International Conference on
Learning Representations (ICLR) (2019).

M. Marcus, B. Santorini, and M. A. Marcinkiewicz. “Building a large annotated corpus of English: The
Penn Treebank”. In: (1993).

R. Marcus, P. Negi, H. Mao, C. Zhang, M. Alizadeh, T. Kraska, O. Papaemmanouil, et al. “Neo: A
Learned Query Optimizer”. In: arXiv preprint arXiv:1904.03711 (2019).

N. McKeown. “The iSLIP scheduling algorithm for input-queued switches”. In: IEEE/ACM transactions
on networking 2 (1999), pp. 188-201.

A. Mirhoseini, A. Goldie, H. Pham, B. Steiner, Q. V. Le, and J. Dean. “A Hierarchical Model for Device
Placement”. In: International Conference on Learning Representations. 2018.

A. Mirhoseini, H. Pham, Q. V. Le, B. Steiner, R. Larsen, Y. Zhou, N. Kumar, et al. “Device Placement
Optimization with Reinforcement Learning”. In: Proceedings of The 33rd International Conference on
Machine Learning. 2017.

V. Mnih, K. Kavukcuoglu, D. Silver, A. A. Rusu, J. Veness, M. G. Bellemare, A. Graves, et al. “Human-
level control through deep reinforcement learning”. In: Nature 518 (2015), pp. 529-533.

V. Mnih, A. P. Badia, M. Mirza, A. Graves, T. Harley, T. P. Lillicrap, D. Silver, et al. “Asynchronous
methods for deep reinforcement learning”. In: Proceedings of the International Conference on Machine
Learning. 2016, pp. 1928-1937.

J. Nagle. “RFC-896: Congestion control in IP/TCP internetworks”. In: Request For Comments (1984).
V. Nair and G. E. Hinton. “Rectified linear units improve restricted boltzmann machines”. In: Proceedings
of the 27th international conference on machine learning (ICML-10). 2010, pp. 807-814.

A. Narayan, F. J. Cangialosi, D. Raghavan, P. Goyal, S. Narayana, R. Mittal, M. Alizadeh, et al.
“Restructuring Endpoint Congestion Control”. In: SIGCOMM. 2018.

R. Netravali, A. Sivaraman, S. Das, A. Goyal, K. Winstein, J. Mickens, and H. Balakrishnan. “Mahimahi:
Accurate Record-and-Replay for HTTP”. In: Proceedings of USENIX ATC. 2015.

A. Y. Ng, D. Harada, and S. Russell. “Policy invariance under reward transformations: Theory and
application to reward shaping”. In: ICML. 1999.

E. Nygren, R. K. Sitaraman, and J. Sun. “The akamai network: a platform for high-performance internet
applications”. In: ACM SIGOPS Operating Systems Review 44.3 (2010), pp. 2-19.

11


https://medium.com/@yuxili/rl-applications-73ef685c07eb
https://medium.com/@yuxili/rl-applications-73ef685c07eb

(78]
[79]

(80]
[81]
(82]
(83]
[84]
[85]
[86]
[87]
(88]
[89]
[90]
[91]
[92]
(93]
[94]
[95]
[96]
[97]
(98]

[99]

[100]
[101]
[102]
[103]
[104]

[105]

[106]

OpenAl. OpenAl Five. https://blog.openai.com/openai-five/. 2018.

OpenAl, M. Andrychowicz, B. Baker, M. Chociej, R. J6zefowicz, B. McGrew, J. Pachocki, et al.
“Learning Dexterous In-Hand Manipulation”. In: CoRR (2018).

OpenStreetMap contributors. US Northeast dump obtained from https: // download. geofabrik.
de/.https://www.openstreetmap.org. 2019.

J. Ortiz, M. Balazinska, J. Gehrke, and S. S. Keerthi. “Learning state representations for query optimiza-
tion with deep reinforcement learning”. In: arXiv preprint arXiv:1803.08604 (2018).

F. Pellegrini. “A parallelisable multi-level banded diffusion scheme for computing balanced partitions
with smooth boundaries”. In: European Conference on Parallel Processing. Springer. 2007, pp. 195-204.
PostgreSQL. postgres. https://www.postgresql.org/. 2019.

A. Rajeswaran, V. Kumar, A. Gupta, G. Vezzani, J. Schulman, E. Todorov, and S. Levine. “Learning
complex dexterous manipulation with deep reinforcement learning and demonstrations”. In: arXiv
preprint arXiv:1709.10087 (2017).

B. Razavi. Design of Analog CMOS Integrated Circuits. Tata McGraw-Hill Education, 2002.

T. Salimans, J. Ho, X. Chen, S. Sidor, and I. Sutskever. “Evolution strategies as a scalable alternative to
reinforcement learning”. In: arXiv preprint arXiv:1703.03864 (2017).

I Sandvine. “Global internet phenomena report”. In: North America and Latin America (2018).

D. Shah and D. Wischik. “Optimal scheduling algorithms for input-queued switches”. In: Proceedings
of the 25th IEEE International Conference on Computer Communications: INFOCOM 2006. IEEE
Computer Society. 2006, pp. 1-11.

M. Shapira and K. Winstein. “Congestion-Control Throwdown”. In: HotNets. 2017.

D. Silver, A. Huang, C. J. Maddison, A. Guez, L. Sifre, G. van den Driessche, J. Schrittwieser, et al.
“Mastering the game of Go with deep neural networks and tree search”. In: Nature (2016).

D. Silver, T. Hubert, J. Schrittwieser, I. Antonoglou, M. Lai, A. Guez, M. Lanctot, et al. “A general
reinforcement learning algorithm that masters chess, shogi, and Go through self-play”. In: Science
362.6419 (2018), pp. 1140-1144.

R. Srinivasan. RPC: Remote procedure call protocol specification version 2. Tech. rep. 1995.

R. S. Sutton and A. G. Barto. Reinforcement Learning: An Introduction, Second Edition. MIT Press,
2017.

R. S. Sutton, D. A. McAllester, S. P. Singh, and Y. Mansour. “Policy gradient methods for reinforcement
learning with function approximation.” In: NIPS. Vol. 99. 1999, pp. 1057-1063.

Synopsys. HSPICE. https://www.synopsys.com/verification/ams-verification/hspice.
html. 2019.

The TPC-H Benchmarks. wuw . tpc.org/tpch/.

Y. Tian, Q. Gong, W. Shang, Y. Wu, and C. L. Zitnick. “Elf: An extensive, lightweight and flexible

research platform for real-time strategy games”. In: Advances in Neural Information Processing Systems.
2017, pp. 2659-2669.

A. Verma, M. Korupolu, and J. Wilkes. “Evaluating job packing in warehouse-scale computing”. In:
Proceedings of the 2014 IEEE International Conference on Cluster Computing (CLUSTER). Madrid,
Spain, Sept. 2014, pp. 48-56.

A. Verma, L. Pedrosa, M. R. Korupolu, D. Oppenheimer, E. Tune, and J. Wilkes. “Large-scale cluster
management at Google with Borg”. In: Proceedings of the European Conference on Computer Systems
(EuroSys). Bordeaux, France, 2015.

O. Vinyals, 1. Babuschkin, J. Chung, M. Mathieu, M. Jaderberg, W. M. Czarnecki, A. Dudzik, et al.
AlphaStar: Mastering the Real-Time Strategy Game StarCraft I11. 2019.

H. Wang, J. Yang, H.-S. Lee, and S. Han. “Learning to Design Circuits”. In: arXiv preprint
arXiv:1812.02734 (2019).

H. Wang, K. Wang, J. Yang, L. Shen, N. Sun, H.-S. Lee, and S. Han. “Transferable Automatic Transistor
Sizing with Graph Neural Networks and Reinforcement Learning”. In: (2019).

Y. Wu and Y. Tian. “Training agent for first-person shooter game with actor-critic curriculum learning”.
In: Submitted to International Conference on Learning Representations. 2017.

F. Y. Yan, J. Ma, G. Hill, D. Raghavan, R. S. Wahby, P. Levis, and K. Winstein. “Pantheon: The Training
Ground for Internet Congestion-Control research”. In: USENIX ATC. 2018.

X. Yin, A. Jindal, V. Sekar, and B. Sinopoli. “A Control-Theoretic Approach for Dynamic Adaptive
Video Streaming over HTTP”. In: Proceedings of the 2015 ACM Conference on Special Interest Group
on Data Communication. SIGCOMM. London, United Kingdom: ACM, 2015.

Zack Slayton. Z-Order Indexing for Multifaceted Queries in Amazon DynamoDB. https://aws .
amazon . com/blogs / database / z - order - indexing - for - multifaceted - queries - in -
amazon-dynamodb-part-1/.2017.

12


https://blog.openai.com/openai-five/
https://download.geofabrik.de/
https://download.geofabrik.de/
 https://www.openstreetmap.org 
https://www.postgresql.org/
https://www.synopsys.com/verification/ams-verification/hspice.html
https://www.synopsys.com/verification/ams-verification/hspice.html
www.tpc.org/tpch/
https://aws.amazon.com/blogs/database/z-order-indexing-for-multifaceted-queries-in-amazon-dynamodb-part-1/
https://aws.amazon.com/blogs/database/z-order-indexing-for-multifaceted-queries-in-amazon-dynamodb-part-1/
https://aws.amazon.com/blogs/database/z-order-indexing-for-multifaceted-queries-in-amazon-dynamodb-part-1/

[107] M. Zaharia, M. Chowdhury, T. Das, A. Dave, J. Ma, M. McCauley, M. J. Franklin, et al. “Resilient
distributed datasets: A fault-tolerant abstraction for in-memory cluster computing”. In: Proceedings of

the 9th USENIX conference on Networked Systems Design and Implementation. USENIX Association.
2012, pp. 2-2.

13



	Introduction
	Sequential Decision Making Problems in Computer Systems
	RL for Systems Characteristics and Challenges
	State-action Space
	Decision Process
	Simulation-Reality Gap
	Understandability over Existing Heuristics

	The Park Platform
	Benchmark Experiments
	Conclusion
	Detailed descriptions of Park environments
	Experiment setup
	RL algorithms
	Environment configuration and comparing baselines


