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Abstract—When an SSD is used for executing multiple work-
loads, its internal resources should be allocated to prevent the
competing workloads from interfering with each other. While
channel-based allocation strategies turn out to be quite effective in
offering performance isolation, questions like ‘“what is the optimal
allocation?” and ‘“how can one efficiently search for the optimal
allocation?” remain unaddressed. To this end, we explore the
channel allocation problem in SSDs and employ a reinforcement
learning-based approach to address the problem. Specifically, we
present an autonomic channel allocating SSD, called AutoAlloc,
which can seek near-optimal channel allocation in a self-learning
fashion for a given set of co-running workloads. The salient
features of AutoAlloc include the following: (i) the optimal
allocation can change depending on the user-defined optimization
metrics; (ii) the search process takes place in an online setting
without any need of extra workload profiling or performance
estimation; and, (iii) the search process is fully-automated without
requiring any user intervention. We implement AutoAlloc in
LightNVM (the Linux subsystem) as part of the FTL, which
operates with an emulated Open-Channel SSD. Our extensive
experiments using various user-defined optimization metrics and
workload execution scenarios indicate that AutoAlloc can find
a near-optimal allocation after examining only a very limited
number of candidate allocations.

I. INTRODUCTION

It is quite common for a single resource-rich contemporary
solid-state drive (SSD) to accommodate and execute multiple
workloads simultaneously. Such a shared SSD requires its
internal resources to be partitioned and allocated to co-running
workloads for preventing the competing workloads from in-
terfering with one another. While there exist various ways of
allocating the resources in an SSD, channel-based allocation
strategies are desirable from a performance standpoint, as they
can eliminate any potential interference between the workloads,
and thus, offer performance isolation to each workload [8].

Unfortunately, existing channel-based allocation strategies
assume a specific scenario in which the number of co-running
workloads is quite small, and in turn, each workload can obtain
as many channels as it wants. However, such situations may
not occur in some environments (e.g., university, company)
where many users in an organization share a fixed amount of
resources. Instead, in such environments where the collective
demand of workloads exceeds the available channel capacity,
device operators can face a new critical problem: “what is the
optimal channel allocation for a given set of co-running work-
loads?” In this paper, we refer to this problem as the “channel
allocation problem” and present a novel online solution for it.

The channel allocation problem is quite challenging due
to the following reasons. First, there is no accepted, unified
definition of “optimality”. In situations of channel scarcity, an
increase in the channel allocation for a workload necessarily

leads to a decrease in the channel allocation for another work-
load, in which case the former workload experiences improved
performance whereas the latter workload suffers from degraded
performance. Then, what is the desirable standard that can be
employed to favor one allocation over the other? Second, the
performance of each of the co-running workloads under varying
number of allocated channels should be known in advance for
making an accurate allocation decision. Actually, the benefits
brought by allocating additional channels to workloads can vary
significantly across the different workloads and within each
workload, which brings us to the next question: can such a
time-consuming, offline process of profiling the performance
of each (potentially) co-runner workload be avoided? Finally,
the number of possible allocations can be very large (i.e., the
channel allocation problem can have a huge search space).
Specifically, as the numbers of available channels and/or target
(co-running) workloads increase, the number of possible alloca-
tions can increase significantly. Therefore, is there an efficient
strategy that can be adopted to search over such a large space?

To address these problems in a systematic fashion, we present
an autonomic resource allocating SSD, called AutoAlloc,
which determines and applies the optimal channel allocation
to a given set of co-running workloads. Inspired by its self-
adapting capability, AutoAlloc introduces Reinforcement
Learning (RL) in our context to solve the channel allocation
problem. Specifically, given a set of co-running workloads,
beginning with the even-allocation, AutoAlloc selects (and
enforces) a candidate channel allocation, executes the work-
loads on the allocation (for a certain period in time), and
obtains the performance results. This process is repeated until
no better candidate allocation could be found. The key features
of AutoAlloc in the process of exploring for an optimal
channel allocation include the following: (i) it seeks the best
allocation based on the optimality which is defined and given
by an administrator; (ii) it begins the search right away without
requiring any offline process of workload profiling; and, (iii)
it explores the target search space efficiently and automatically
without any need of administrator intervention.

We implement and evaluate AutoAlloc in a full-system
emulation environment, where FEMU [13] imitates an Open-
Channel SSD [1] and real applications are executed on it.
Specifically, we add two modules — the RL-agent module and
the Dev-mgmt module — to the Linux kernel (LightNVM [4]
where the FTL functionalities are implemented). While the
former executes the Q-learning algorithm [5] by evaluating the
current allocation and selecting the next candidate allocation,
the latter is responsible for enforcing the candidate allocation,
executing the workloads, and measuring their performance.
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(a) SSD resource types. (b) A channel-level allocation.
Fig. 1: The resource allocation for multi-workload execution.

In scenarios where 4 co-runner workloads are executed on a
32-channel, 128GB SSD (and thus, there exist 969 different
possible channel allocations), Aut oAlloc finds a near-optimal
allocation (i.e., one within 8% of the globally optimal alloca-
tion) after evaluating an average of 77 different allocations.
Overall, this paper makes the following major contributions:
e We propose an autonomic channel allocating SSD, called
AutoAlloc, which employs an RL-centric approach to ex-
plore channel allocations for a given set of co-running work-
loads. AutoAlloc can reach a near-optimal allocation auto-
matically and gradually at runtime.

e We introduce various desirable definitions of the optimality
and employ them in AutoAlloc. Our experiments reveal
that, for a fixed set of co-running workloads, AutoAlloc
navigates over different candidates and selects different near-
optimal allocations under different definitions.

e We observe that the search space of the allocation problem
can be extremely large, where AutoAlloc becomes a more
effective alternative. In particular, increasing the allocation
granularity can reduce the number of evaluated allocations sig-
nificantly while still coming up with a near-optimal allocation.

II. PRELIMINARIES AND RELATED WORK
A. SSD Resource Allocation under Multi-Workload Scenarios

As illustrated in Fig. la, an SSD includes four types of
resources, namely, channels, (flash) chips, planes and blocks,
and in principle, each of these can be an allocation unit. A
large body of prior works [8], [12], [16] explored those units
and investigated the impact of using them on the workload
performance. Compared to other resource types, channel-level
allocation can offer the best performance isolation for each of
the co-running workloads (since a channel is the largest unit
for accessing the storage media). Fig. 1b illustrates an example
where three co-running workloads are executed on their own
channel partitions with their own FTL and file system.

A recent work [14] explored the channel allocation problem
using a machine learning (ML) based approach. However, (i)
it considers only the latencies of the workloads for the optimal
allocation; (ii) it generates a learned model in an offline setting
and infers the optimal allocation for given set of workloads;
and (iii) its validation is performed based on the old-fashioned
simulation with only a few tiny-scale scenarios. In contrast, our
proposed system can (i) employ any user-defined optimization
metric (this work uses 4 alternate metrics); (ii) find the optimal
allocation automatically and gradually in an online setting by
actually executing the workloads in a full-system environment;

and finally, (iii) test a wide range of different workload/SSD
scenarios, which require a significant evaluation time.

B. Applying Learning-Based Approaches to SSD Problems

There have been several attempts to employ an ML-based
approach in the SSD-specific problems. A group of works [17],
[19] used ML to improve the device lifetime, while another
body of works [9], [10] reduced tail latencies by improving
the efficiency of the current GC operations by learning the
SSD behavior in the past. There have also been ML-based
approaches to manage the device-internal traffic efficiently,
targeting DRAM caching [15] and SLC caching [20].

III. THE CHALLENGES AND OUR APPROACHES

Finding the optimal allocation is a challenging task. Here,
we elaborate its challenges and our corresponding approaches.
e Pareto Efficiency: In the channel allocation problem, it is
not possible to increase the allocation of a workload without
decreasing the allocation of at least another workload (such
a situation is called “Pareto efficiency”). Fig. 2a shows the
experienced throughput of each workload under different chan-
nel allocations, when two workloads are executed on a 16-
channel SSD. Obviously, if a workload experiences improved
throughput due to the increased number of the channels, the
other suffers from a decreased throughput coming from the
correspondingly reduced number of the channels. The lack of
a standard that can be used to favor one allocation over others
is a fundamental research problem in this context.

To this end, we introduce four desirable standards (metrics)
to measure each allocation, and make AutoAlloc search for
the optimal allocation based on the given metric.

(i) Aggregate Throughput: Maximizing the collective
throughput value of all the co-running workloads can be a
simple yet commonly-used optimization goal. The optimal
allocation tries to maximize Y, th(i), where n is the number
of workloads and th(i) is the throughput of workload .

(ii) Weighted Speedup: The weighted speedup can be a
promising choice, if a notion of fairness across the competing
workloads is to be taken into account. In this case, the optimal
allocation maximizes Y., (th(i)/theven (), Where theyen (i)
is the throughput value of workload ¢ under an even-allocation.

(iii) Device Lifetime: If the administrator considers the bud-
get rather than the user performance, she may want to reduce
the consumption of the device lifetime. Here, the optimal
allocation minimizes Y, writes(i), where writes(i) is the
total number of page writes. In the current implementation,
we include two dominant contributors: a) writes directly issued
by the workload 7, and b) writes generated from the garbage
collection (GC) for the workload 4, in writes(s).

(iv) Throughput-Lifetime Product: For the administrator who
may consider both the performance of the workloads and the
device lifetime, we define a new metric, called throughput-
lifetime product, which is calculated by multiplying the ag-
gregate throughput by an inverse of the written data vol-
ume for a second. That is, the optimal allocation maximizes
Soi th(i) x (T/ Y1, writes(i)), where T is the execution
time of the workloads (or the evaluation time of an allocation).
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Fig. 2: The key factors which render our channel allocation problem quite challenging.

o Different Performance Benefits: The magnitude of the
performance improvement that can be achieved as a result of
allocating extra channels varies significantly within each work-
load as well as across different workloads. Fig. 2b shows the
achieved throughput of three workloads under varying number
of allocated channels (when each workload is executed indi-
vidually). While an increase in the allocation generally leads
to an increase in the throughput of a workload, the throughput
improvement changes radically across the workloads. Even for
each individual workload, the increase in its throughput does
not exhibit any uniform patterns. Due to such irregular benefits
of workloads under varying allocations, finding an optimal
allocation requires either an offline profiling or a model-based
performance estimation (which may not be accurate).

To address this, we develop an online, real execution-based
approach, which does not require any profiling or model-
based strategy. Specifically, inspired by the self-adapting nature
of reinforcement learning (RL), AutoAlloc evaluates each
allocation by executing the target workloads on it at runtime,
and identifies an optimal allocation in a gradual fashion based
on the cumulative evaluation results.

e Huge Search Space: The number of possible channel allo-
cations increases significantly, as the number of the available
channels in the target device and/or the competing workloads
increases. Fig. 2c shows the number of possible channel al-
locations for a few problem scenarios. Even in a tiny-scale
scenario where 4 workloads share 32 channels, there exist up
to a thousand of different allocations, which may require an
extensive experimental effort to evaluate candidate allocations.

To this end, we devise an autonomic system, which searches
for the optimal allocation by itself without any need of human
intervention. Specifically, based on the self-operating nature of
RL, AutoAlloc automatically selects/evaluates candidate al-
locations and stops its operation once it finds the best allocation.

IV. PROPOSED AUTONOMIC SYSTEM
A. Applying Reinforcement Learning to Our Problem

Fig. 3a depicts a typical model of RL-based systems, where
the agent is a self-trained entity and the environment is the
target problem space including all possible states. The agent
takes an action (A;) in the environment at each turn (¢), and
consequently, the environment produces the next state (Siy1)
and the reward (R;) for the corresponding action. The agent
repeats to take actions in the varying states, with the goal of
maximizing the cumulative rewards. In our context, the possible
channel allocations can be regarded as states. Then, the key
components can be modeled as follows:

(1) Action (A;): The change that is made in the current channel
allocation (S;). In the current version of AutoAlloc, an

Action 4,

Next State ;.1

Env

Agent

Reward R,

(a) A typical model of RL-based systems.
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(d) The current implementation and channel allocations.
Fig. 3: Our proposed AutoAlloc system.

action can be a channel increment for a workload and a channel
decrement for one of the other workloads. For example, in a
4-workload scenario, an action can be expressed as (0, +1, -1,
0), which means that the number of allocated channels for the
second workload is increased by one while that for the third
workload is decreased by one. Since the possible number of
actions can increase significantly as the number of co-running
workloads increases, we limit the number of possible actions
by increasing and decreasing the channel count only for any
two neighboring workloads. So, in a 4-workload scenario, there
exist 9 possible actions: (0, 0, 0, 0), (+1, -1, 0, 0), (-1, +1, O,
0), (0, +1, -1, 0), (0, -1, +1, 0), (0, 0, +1, -1), (0, O, -1, +1),
(+1, 0, 0, -1), and (-1, O, O, +1). Here, (0, 0, 0, 0) means that
no change is made in the current state.'

(2) Next state (S;y1): The channel allocation that stems from
performing the action (A;) from the current channel allocation
(Sy). For instance, in a 4-workload, 32-channel scenario, if S;
=(8, 8,8, 8) and A; = (0, +1, -1, 0), then S;+1 = (8,9, 7, 8).
(3) Reward (?;): The change in the metric value as a result of

"Under this model, the total number of actions can be limited to (2 xn)+1,
assuming a n-workload scenario. It should be noted that this limited set of
actions can explore all possible allocations. For example, a potential action
(+1, 0, -1, 0) can be achieved by performing two different actions, (+1, -1, 0,
0) and (0, +1, -1, 0), consecutively.



TABLE I: The configurations of the tested SSDs.

TABLE II: The tested multi-workload scenarios.

32 channels, 2 chips/ch, 2 planes/chip, 16KB page, channel-level allocation

128GB -
tested scenarios: S-1, S-2, S-3, S—-4, S-5, S-6, S-7, S-8

‘ 256GB H 64 channels, the same for the other configurations; tested scenarios: S—-9, S-10 ‘

changing the allocation from S; to S;11 by A;. R; is obtained
by M 41— Mqawg, where My and M, indicate, respectively,
the metric value in the new allocation (S;1) and the average
of the metric values in the allocations evaluated so far.

Fig. 3b illustrates the overview of our proposed AutoAlloc
system, where the RL-agent and Dev-mgmt modules act as
an agent and an environment, respectively, and exchange the
action, the reward, and the next state between the two.

(4) Agent: The RL-agent module which implements an RL al-
gorithm. While there exist various sophisticated RL algorithms,
we use the representative Q-learning [5], since it fits into our
channel allocation problem well and generates the promising
results. This module is responsible for (i) the management of
the Q-table (a core data structure in the Q-learning) and (ii) the
selection of the next candidate allocation (the action).

(5) Environment: The Dev-mgmt module which evaluates each
of the candidate channel allocations. Specifically, this module
(i) enforces the channel allocation based on the action from the
RL-agent module, and (ii) executes the target workloads on it.
Then, it (iii) measures the target metric value, generates the
reward value, and provides it to the RL-agent module.

B. Detailed Execution Process

As described in Fig. 3b, the execution process of
AutoAlloc is as follows: @ AutoAlloc begins with an
“even-allocation” (the channels are evenly distributed over the
workloads); so, the Dev-mgmt module sets the even-allocation
as the initial state. @ the RL-agent module selects an action
and passes it to the Dev-mgmt module; here, (@-A) the first
action is an action for making no change (i.e., (0, 0, 0, 0))
to evaluate the initial even-allocation, whereas (@-B) all the
following actions are selected by the Q-learning algorithm. €
the Dev-mgmt module obtains a new channel allocation based
on the action, which is the next state (S; ;). @ the Dev-mgmt
module enforces the new allocation, executes the workloads
on it, and measures its optimization metric. Here, we avoid
repeated evaluation of the same allocations by keeping the
metric values for the “already-evaluated” allocations in the Dev-
mgmt module and supplying those values when we see the same
allocations. @ the Dev-mgmt module calculates the reward
(R:), which is sent to the RL-agent module along with the
next state (Sy;1). @ the RL-agent module updates the Q-table
with the received reward. The process of @-B to @ is repeated
until the state does not change for N, consecutive actions,
and the current state becomes the final channel allocation.
The Management of the Q-table: The Q-table in the RL-
agent module records the Q-values for each combination of a
state and an action. Fig. 3c depicts a sample Q-table. A Q-
value represents that the “cumulative value” of an action from
a state, which is updated whenever the action is taken from that
state. Note that the zero values indicate that the actions in the
states have not been taken so far. The Q-value (Q(S;, 4;)) is

Individual workloads
W1(Vdbench [3] BasicReadWrite (rdpct=80)) W2(Vdbench [3] WebServer) W3(RocksDB [7] + YCSB-A [6])
wW4(RocksDB [7] + YCSB-D [6]) Ww5(RocksDB [7] + YCSB-F [6]) wé(Filebench [18] webproxy)
W7(Sysbench [11] fileio) W8(Filebench [18] fileserver) W9(Filebench [18] varmail)
wW10(Vdbench [3] BasicReadWrite (rdpct=20)) W11(Fio [2] (rw=randrw, bs=16k))
Multi-workload scenarios

Scenarios Label Wl [ w2 | w3 | w4 | WS | w6 | w7 [ w8 [ W9 | wio [ wil

S-1 . . ° ]
S-2 0 0 0 .
S-3 . 0 o .
S-4 . . 0 .

4-workload 55 A . o -
S-6 0 0 . 0
S-7 . ° . 0
S-8 0 0 . 0

5-workload 5-9 . ° . . .

6-workload | S-10 . . . . . .

calculated as a “weighted sum” of the old value and the learned
value as follows:

Q(St7At) < (1 — Oé) . Q(St7At)

(H
+ - {Rt + v argmaxAQ(St+laA)}7

where o and -y are the learning rate and the discount factor, re-
spectively. The learning rate («) determines the weight between
the old value (the former term) and the learned value (the latter
term). For the learned value, the estimate of the optimal future
value can be taken into account along with the reward (R
obtained in @). Specifically, argmazraQ(S;;1,A) indicates
the maximum Q-value in the next state S;i; (as a result of
performing A; in S;). The discount factor () determines how
much we consider the future value for the learned value.

The Selection of an Action in a State: What action to be
performed next is determined by the RL-agent module (@-B)
based on the e-greedy policy of the Q-learning. Specifically,
whenever an action is selected, a random number between O
and 1 is picked. If the number is smaller than €, an action is
determined randomly among the possible actions. Otherwise,
the action whose Q-value is the largest is picked from the Q-
table. For example, in Fig. 3c, if the random number is larger
than or equal to the € value, then Aj is selected in the current
state S,,_1 as it is the maximum Q-value in the state.

The Channel Allocation in SSD: In the current implementa-
tion, we use FEMU [13] for an emulated SSD, which offers
a channel partitioning capability. As illustrated in Fig. 3d, the
Dev-mgmt module, which is implemented in LightNVM (as
part of FTL), is responsible for the management of the SSD
D). Specifically, it (i) enforces an allocation, (ii) executes the
workloads, and (iii) measures the optimization metric.

C. Increasing Allocation Granularity for Huge Search Space

The search space of the channel allocation problem increases
significantly as the number of available channels and co-
running workloads increase. For example, the number of ways
for allocating 64 channels to 7 workloads can increase to 1.6
million. Introducing an RL approach into such extreme-scale
search space leads to a significant increase in the number of
states and actions, which may not be feasible in an SSD or need
a considerable amount of time to find an optimal allocation.

To this end, AutoAlloc can increase the allocation gran-
ularity for such large search spaces, thereby reaching a near-
optimal allocation quickly. Specifically, the actions are modeled
as increasing/decreasing 2, 3, or 4 channels at a time for
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any two neighboring workloads. For example, in 4-workload
scenarios, if the allocation granularity is set to 2 channels, the
9 actions are (0, 0, 0, 0), (+2, -2, 0, 0), (-2, +2, 0, 0), (0, +2,
-2,0), (0, -2, +2, 0), (0, 0, +2, -2), (0, 0, -2, +2), (+2, 0, 0, -2),
and (-2, 0, 0, +2). Doing so enables us to pick and evaluate
a representative allocation by skipping similar neighboring
allocations. For example, employing a 2-channel allocation
granularity in 4-workload, 32-channel scenarios evaluates (8,
10, 6, 8) without visiting (8, 9, 7, 8) or (8, 11, 5, 8). It is to be
noted that, according to our analysis, there are little differences
in the workloads performance among neighboring allocations.

D. Design Overheads

AutoAlloc requires to maintain two types of data struc-
tures in the host DRAM: (i) the Q-table in the RL-agent module
and (ii) the collection of the metric values for the evaluated
allocations in the Dev-mgmt module. The size of a Q-table
is determined by the numbers of possible states and actions
(as shown in Fig. 3c). The 4-workload, 32-channel problem
including 969 states and 9 actions requires about 68KB for
the Q-table (assuming that each Q-value needs 8 bytes), which
is a quite marginal increase in memory consumption. Even in
much larger search spaces such as the 7-workload, 64-channel
problem, the number of the states can be limited to 12,376 if
2-channel allocation granularity is employed while the number
of the actions is at most 15. Consequently, the size of the Q-
table is 1.4MB, which is still affordable in the host system.
Compared to the size of the Q-table, the total volume of the
metric values for the evaluated allocations is much smaller; the
maximum number of such values is the total number of the
states. Assuming that each metric value requires 8 bytes, the
4-workload, 32-channel problem needs at most 7KB.

E. Discussion

Employing Other Allocation Units: While AutoAlloc tar-
gets the channel allocation problem, it can be applicable to
the allocation problems based on other units such as planes
or blocks, if the target SSD offers such opportunities. Note
however that, the numbers of states and actions can increase
significantly, as there can exist a large number of possible
allocations based on such plane or block units.

Modeling the Actions in Different Ways: While we model the
actions as increasing/decreasing the same number of channels
only for any two neighboring workloads (Section I'V-A) in the
current version of Aut oAlloc, there can exist various possible
ways of defining the actions. For example, we tried to model

actions as increasing/decreasing the same number of channels
for all the combinations of any two workloads. However, such
a choice led to an increase in the number of actions, and thus,
required much more steps in the learning process (while ending
up with comparable near-optimal allocations).

Impacts of the Key Parameters in Q-learning: There are
three major parameters in the Q-learning algorithm, which are
(i) learning rate (o« in Equation 1), (ii) discount factor (v in
Equation 1), and (iii) the € value of the e-greedy policy. While
(i) and (ii) affect the Q-values, (iii) is involved in the selection
of actions. Even though one can vary these parameters when
targeting different problem scenarios (e.g., workload counts,
channel counts) and execution settings (e.g., target workloads,
target devices), in the current version of AutoAlloc, we used
fixed values for Equation 1 (i.e., « of 0.3, v of 0.4), and
gradually decreased the value of e from 0.8 to 0.01 by 0.01 for
each action, since our initial analysis has revealed that doing
so consistently led to the best results across different scenarios.

V. EVALUATION
A. Methodology

Testbed: We constructed a full-stack SSD system by us-
ing FEMU [13] with a channel partitioning capability.
AutoAlloc is implemented in LightNVM [4], which enables
it to manage channel allocations of the emulated SSD.

Device Configurations and Workloads: While AutoAlloc
can be applied to any device configurations and multi-workload
scenarios, in this study, we employed a 32-channel, 128GB SSD
for various 4-workloads scenarios by considering evaluation
time and available computing resources. To investigate larger
search spaces, we also employed a 5-workload scenario and a 6-
workload scenario, each of which is executed on a 64-channel,
256GB SSD. Various workload scenarios were constructed
by selecting and combining candidates from 11 individual
workloads with diverse I/O behaviors. The details of the device
configurations and workloads can be found in Tables I and II.

B. Near-Optimal Allocations and Learning Steps

Fig. 4 shows the metric values for the near-optimal alloca-
tions that Aut oAl loc finds, which are normalized to those for
the “globally-optimal” allocations (determined by executing all
the possible allocations), under different types of metrics. One
can see that the metric values of the near-optimal allocations
decrease quite marginally (by 8% on average), compared to
those of the global-optimal allocations, (i) for the eight 4-
workload scenarios and (ii) under the different metric types.
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Fig. 5 shows the number of evaluated allocations in the
course of navigating over search space. In the 4-workload, 32-
channel problem where there exist 969 possible allocations,
AutoAlloc evaluates only an average of 77 allocations for
the 8 execution scenarios and our 4 metric types. One can
conclude that AutoAlloc can find a high-quality allocation
after evaluating a very small number of allocations.

C. Allocations under Different Optimization Metrics

Since the optimal allocation can change depending on the
target optimization metric, AutoAlloc navigates the search
space in different ways based on the given metric types. Fig. 6
shows how AutoAlloc seeks the optimal allocation over
time for a representative workload scenario (S—6) under our 4
metrics. One can see that Aut oAlloc selects entirely-different
candidate allocations and finally reaches different near-optimal
allocations when targeting different types of metrics.

D. Impact of Increasing the Allocation Granularities

Fig. 7 plots the search results of AutoAlloc with increas-
ing allocation granularity (from 1 channel to 4 channels) for
the three scenarios (S—3, S—4, and S—8) under the weighted
speedup metric. As shown in Fig. 7a, a larger granularity
can reduce the learning process (i.e., the number of evaluated
allocations) significantly, which is quite useful when the search
space is very large. However, the quality of the selected
allocation can decrease further from the optimal allocation, as
illustrated in Fig. 7b. Note that, a larger granularity can find
a better allocation than a smaller granularity by chance since
(i) using different allocation granularities and (ii) the random
nature of the Q-learning in the selection of next states can
collectively lead to different series of evaluated allocations.

E. Extreme-Scale Search Space

Table III shows the results of two large-scale channel allo-
cation problems, S—-9 and S-10, on the 64-channel, 256GB
SSD. For the former, the number of possible allocations is
increased by 40x, compared to that in the 4-workload, 32-
channel problem. However, AutoAlloc can find high-quality
near-optimal allocations after exploring only 6.6% of the entire
search space. For the latter where the search space is much
larger, AutoAlloc with a 2-channel allocation granularity
can reduce the total number of candidate allocations to only
11,628, and find near-optimal allocations after examining only
an average of 429 different allocations.

VI. CONCLUSIONS

Allocating SSD channels to the co-running workloads is a
critical but challenging task, due to a large search space that
needs to be traversed and the lack of uniform definition of so
called optimal allocation. We introduced a RL approach in such
a context, and presented an autonomic channel-allocating SSD,
called AutoAlloc. The navigation process of AutoAlloc
is performed (i) at runtime, (ii) in a fully-automated fashion,
and (iii) based on a given optimization metric. Our evaluations
with various channel allocation scenarios demonstrate that
AutoAlloc can find a near-optimal allocation after learning
a quite small number of candidate allocations.
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