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ABSTRACT
PostgreSQL (PG) recently introduced support for asynchronous IOs

(PG-AIO). Under the hood, the PG-AIO subsystem adopts a classic

producer/consumer model. The producer submits AIO requests

to a global queue resident in shared memory, and the consumer,

which by default includes a number of “IO workers,” grabs the AIO

requests from the queue and performs the actual IO work. To hide

the implementation details of this producer/consumer model, PG

offers a “read stream” abstraction with a set of API functions for

table access methods, such as sequential scan and bitmap heap scan,
that rely on the producer to send in AIO requests. Although this

streaming API significantly simplifies the implementation of the ac-

cess methods, it poses a new challenge that is performance critical:

every read stream needs to decide the “lookahead distance,” i.e., the
number of AIO requests to submit at the same time. In this paper, we

address this challenge by proposing an adaptive approach to auto-

matically adjust the lookahead distance by only leveraging feedback

information based on the IO completion time. Our approach is in-

spired by and draws a connection to the theory of optimal flow
control in computer networking, which has a profound impact on

the design of modern TCP congestion control mechanisms such as

BBR. Experimental evaluation with a variety of real-world setups

shows that our approach can often achieve the optimal lookahead

distance that minimizes query latency.
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1 INTRODUCTION
PostgreSQL (PG) recently introduced support for asynchronous IOs

(AIO) [58]. It offers a configurable system parameter io_method
to the user with three options [59]: (1) worker, (2) io_uring, and
(3) sync. The default option for AIO is worker, as io_uring requires

special Linux kernel support [79] that is not always available, and

sync simply reverts to synchronous IO. Therefore, we focus our

discussion on the default option worker in this paper.

Under the hood, the PG AIO subsystem follows a producer-

consumer architecture, as shown in Figure 1. At a high level, the

producer is responsible for submitting IO requests to a global queue

This work is licensed under the Creative Commons BY-NC-ND 4.0 International

License. Visit https://creativecommons.org/licenses/by-nc-nd/4.0/ to view a copy of

this license. For any use beyond those covered by this license, obtain permission by

emailing info@vldb.org. Copyright is held by the owner/author(s). Publication rights

licensed to the VLDB Endowment.

Proceedings of the VLDB Endowment, Vol. 19, No. 12 ISSN 2150-8097.

doi:10.14778/3827998.3828010

…….

IO Request Queue
(Shared Memory)

IO Request Consumer

IO Worker 1

…….

IO Worker K

Request

Result

Request

Result

Request

IO Request Producer

ReadStream
(get next buffer)

StartRead
Buffers()

WaitRead
Buffers() Result

Adjust lookahead distance

Figure 1: The architecture of the PG AIO subsystem.
that is resident in shared memory. The consumer employs a num-

ber of IO workers (specified by the configurable system parameter

io_workers [59]). The next available IO worker takes the IO re-

quest from the head of the queue and performs the corresponding

IO operation. When it finishes, it notifies the producer that the IO

request has been completed. Note that the producer is not blocked
after submitting the IO request, unlike in the case of synchronous

IO. It can continue to execute until it has to process a page contained

in an IO request that is submitted but has not yet been completed.
To hide the details of the implementation of the PG AIO sub-

system, the producer is encapsulated with an abstraction of read
stream. It offers the following three API functions:

• Begin(), which initializes the states of the stream;

• NextBuffer(), which obtains the next page from the stream;

• End(), which cleans up the states of the stream.

Suppose that a query wants to scan a table/relation 𝑅 with 𝑁 disk

pages. With the API, it can be simply expressed as follows:

ReadStream s = new ReadStream(R);
s.Begin(); // Begin the read stream.
for (int i = 0; i < N; ++i) {

Buffer b = NextBuffer(); // Fetch the next page.
ProcessBuffer(b); // Perform CPU work.

}
s.End(); // End the read stream.

Note that the caller of the read stream (e.g., the table scan query

here) needs to specify a callback that returns blocks that are needed

in the future. The function NextBuffer() works as follows (Fig-

ure 1). It first submits one ormore IO requests by calling the function

StartReadBuffers(). It then performs some bookkeeping CPU

work before hitting the function WaitReadBuffers(). There are
two possible cases. If the (first) requested IO has been completed,

then the read stream can continue to fetch the corresponding disk

pages from the buffer pool, and the caller of the read stream can

perform CPU work to process the pages. Otherwise, the IO is still

in progress and the read stream will be blocked to wait for the IO to

be completed. After WaitReadBuffers() returns, the read stream

will proceed to adjust the lookahead distance, which controls the

number of disk pages and thus IO requests to be submitted next.
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(a) pg_prewarm (Q1 with sequential IOs)
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(b) Bitmap heap scan (Q2, with fewer random IOs)
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(c) Bitmap heap scan (Q3, with more random IOs)

Figure 2: Impact of the lookahead distance on query latency (in seconds) for IO-dominant queries.

Algorithm 1: PG strategy to adjust lookahead distance

Input: 𝑑 , the lookahead distance of PG AIO subsystem; 𝑑max, the

maximum lookahead distance allowed.

1 Initialize 𝑑 ← 1 in Begin();
2 if 𝑑 < 𝑑max then
3 𝑑 ← 𝑑 × 2 upon any IO wait;

4 𝑑 ← min{𝑑,𝑑max};

1.1 Impact of Lookahead Distance
The lookahead distance plays a critical role in the performance of

the PG AIO subsystem. If the distance is too small, the available IO

bandwidth can be underutilized. On the other hand, if the distance

is too large, the IO subsystem can be overwhelmed with queues

built up; moreover, it may pin more buffer pages than necessary in

the memory, which wastes valuable memory resource that could

have been used for other purposes (e.g., to serve other queries).

To demonstrate the impact of the lookahead distance on IO

performance, Figure 2 presents the results of an empirical study

for queries with latency dominated by IO (see Section 6.1 for the

details of our evaluation setups). Specifically, we used the largest

lineitem table from the TPC-H benchmark database with scaling

factor 10. We compose the following three queries:

(Q1) SELECT pg_prewarm(‘lineitem’);
(Q2) SELECT * FROM lineitem WHERE <p1>;
(Q3) SELECT * FROM lineitem WHERE <p2>.

Here, pg_prewarm in Q1 is a PG utility that loads relation data

into the PG buffer cache [60]. It involves only sequential IOs if

none of the disk pages from that relation has been brought into

memory. Moreover, pg_prewarm requires almost no CPUwork. On

the other hand, <p1> in Q2 and <p2> in Q3 are two filter predicates

over the column l_shipdate, where <p1> is highly selective with

a small number of random IOs and <p2> is less selective with a large
number of random IOs. We disable both sequential scan and index
scan to force a query plan with bitmap heap scan for both Q2 and Q3.
Since the bitmap heap scan operator requires an underlying bitmap
index scan, we also created an index on top of column l_shipdate.

We have the following observations from Figure 2. First, it is

clear that the query latency decreases as we increase the lookahead

distance. Second, the smallest distance that minimizes the query

latency is different for different queries. For example, the smallest

distance is around 64 for Q1 as shown in Figure 2(a), 32 for Q2

as shown in Figure 2(b), and 56 for Q3 as shown in Figure 2(c).

Although increasing the distance in general does not increase the

query latency, it will pin more buffer pages than necessary and

therefore waste memory. Therefore, our goal is to find the smallest
distance that can minimize the query latency for IO-dominant queries.

1.2 PG Strategy for Distance Tuning
Algorithm 1 presents the strategy used by PG 18 to adjust the looka-

head distance. It initializes the distance to 1 when the read stream is

created and doubles the distance whenever the read stream needs to

wait for an IO request to be completed, until the distance reaches its

allowed maximum 𝑑max. In the current PG implementation, 𝑑max is

determined by the following configurable system parameters [59]:

• shared_buffers (SB), which specifies the amount of memory

that the database server uses for shared memory buffers;

• effective_io_concurrency (EIC), which is the number of

concurrent IOs that can be executed simultaneously;

• io_combine_limit (IOCL), which sets the largest number of

contiguous disk pages that can be combined as a single IO.

More specifically, 𝑑max is set as

𝑑max =min{𝑓 (SB), EIC × IOCL}, (1)

where 𝑓 is some function of SB specifying the maximum number of

buffer pool pages (based on the size of the SB) that can be pinned

by a PG backend. The default values for EIC and IOCL are 64 and

16, respectively. By default, SB is set to 128MB but is typically

configured to a much larger size—it is common practice to set

SB to be at least 25% of the total database system memory for

good performance. Therefore, in practice, we usually see 𝑑max =

EIC × IOCL = 64 × 16 = 1, 024 by Equation 1. As a result, the PG

strategy in Algorithm 1 will hit 𝑑max = 1, 024 after only 10 IO waits,

which happens for all Q1, Q2, and Q3. Clearly, this distance is much

larger than necessary, as Figure 2 shows. We note that PG also

decreases distance by one upon any buffer pool hit, which cannot

happen for the IO-dominant queries studied in this work.

1.3 Challenges and Contributions
Choosing the smallest lookahead distance without increasing query

latency is therefore a nontrivial problem. The default “state agnos-

tic” strategy used by PG (Algorithm 1) can easily overshoot the

target distance. We argue that a more effective control mechanism

shouldmonitor the state of the PG AIO subsystem. Intuitively, if the

IO subsystem is busy, we should reduce the distance to avoid further

stressing it. On the other hand, if the IO subsystem is idle, we should

increase the distance to better utilize its bandwidth. However, the

requirement of monitoring the state of the PG AIO subsystem poses

new technical challenges. First, the adjustment of the lookahead

distance must be done inside of the read stream, while the IO oper-

ations are performed by the IO workers outside of the read stream.

This makes it difficult to accurately and cheaply track common per-

formance metrics, such as throughput and latency, by staying inside

the read stream. Second, even if the measurements are accurate,
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they typically exhibit large variation in practical storage systems

commonly used for PG deployment, especially for systems that run

in the cloud. As a result, even a well-designed control mechanism

can be easily misled by measurements with high variance.

With these challenges in mind, in this paper we propose a novel

feedback-based control mechanism for the lookahead distance, in-

spired by the theory of optimal flow control that is well established
in computer networking [39–41]. In a nutshell, the optimal opera-
tional point of a system is equivalent to the point that maximizes

the power function of the system, which is defined as the ratio be-

tween throughput and latency [39]. To overcome the challenge that

accurate measurements of throughput and latency are difficult to

obtain in the context of PG AIO, we instead design a surrogate power
function (SPF) that is defined as the ratio between the “observed IO

throughput” (which is a lower bound of the actual IO throughput)

and the lookahead distance, and we reduce the problem of finding

the smallest distance that minimizes query latency to the problem

of maximizing the SPF. We then look for stationary points of the
SPF that can achieve its maximum, assuming that the SPF is con-

cave. Moreover, to overcome the challenge of large variation in the

“observed IO throughput” at a fixed distance, we further propose a

robust approach using confidence intervals. Specifically, we view the

“observed IO throughput” at a given distance as a random variable

rather than a constant. Instead of moving to the next larger distance

immediately after an IO wait, as done by the current PG strategy

(Algorithm 1), we stay at the same distance for more IO waits until

the confidence interval (CI) of the random variable becomes small

enough. We then return the mean as a point estimate of the random

variable. Based on our experimental evaluation, it only requires a

small number of sample data points to tighten the CI.

In summary, this paper makes the following contributions.

• We propose a novel approach to the problem of finding the

smallest lookahead distance without increasing query latency,

by following principles from the “optimal flow control” theory

in computer networking with solid theoretical foundations.

• We overcome the challenge of inaccurate throughput and latency

measurements with a novel surrogate power function.

• We improve the robustness of the proposed approach by using

confidence intervals to overcome the challenge of large variations

in the measurements.

• Our experimental evaluation results demonstrate both the effi-

cacy and robustness of our proposed approach, which signifi-

cantly outperforms the current PG strategy in Algorithm 1 as

well as other baseline approaches.

There has been extensive work on a related but different problem

of prefetching for database and storage systems [14–16, 20, 30, 45,

46, 67, 75, 83, 86]. One key challenge in the prefetching problem is

to speculate or predict the pages to be fetched next based on historic

access patterns. We do not face this challenge in the problem of

tuning the lookahead distance, where the pages to be fetched are

known, and we need to minimize the time to fetch them. To the

best of our knowledge, this is a new problem that has not yet been

studied. Although we focus on the AIO subsystem of PostgreSQL,

the approaches proposed and studied in this work are potentially

useful for other database systems that support asynchronous IOs.

𝜆 𝜇

Queue Server
Figure 3: Example of a basic queuing system.

Paper Organization. We start with an overview of the theory

of optimal flow control from computer networking (in particular,

the power function) and outline its connection to the problem of

tuning the lookahead distance for the PG AIO subsystem (Section 2).

We then present our proposed solution based on maximizing a

surrogate of the power function of the system (Section 3), as well as

a set of refinement and optimization techniques (Section 4). We also

study a couple of alternative solutions, which serve as baselines in

our experimental evaluation (Section 5). We report the evaluation

results in Section 6, discuss future directions in Section 7, summarize

related work in Section 8, and conclude the paper in Section 9.

2 THEORY OF OPTIMAL FLOW CONTROL
We provide a brief overview of the “optimal flow control” theory

from computer networking and discuss its connection with the

problem of adjusting the lookahead distance for the PG AIO system.

2.1 Queuing Systems
It is well known that computer systems can be modeled as queuing
systems [38, 42]. Figure 3 presents an example of a basic queuing

system with the following parameters: (1) 𝜆, the arrival rate that
represents the number of arriving customers per unit time; (2) 𝜇,

the service rate that represents the number of customers that can

be served per unit time by the server; (3) 𝛾 , the throughput of the
queuing system that represents the number of completed customers

per unit time; and (4) 𝑇 , the average latency of the queuing system,

which includes the service time and the waiting time (in the queue).

2.2 Power Function
The power 𝑃 of a (queuing) system is defined as the ratio between

its throughput and latency [39]. Specifically, we view the (average)

latency 𝑇 as a function of the throughput 𝛾 , that is, 𝑇 = ℎ(𝛾). We

can then also define the power as a function of 𝛾 :

𝑃 (𝛾) = 𝛾

𝑇
=

𝛾

ℎ(𝛾) . (2)

The optimal flow control theory points out that the optimal opera-
tional point of the system coincides with the optimal point (𝛾∗,𝑇 ∗)
that maximizes the power [39, 41]. The optimal operational point

is defined as the state in which the average number of customers

in the system is equal to the system capacity. For example, in the

context of TCP congestion control in computer networking, this

means that the network link between the sender and the receiver

should be kept just full, but not fuller [41].

2.3 Optimal Operational Point
To find the optimal operational point, we then need to find the

optimal point (𝛾∗,𝑇 ∗) that maximizes the power function 𝑃 (𝛾)
defined in Equation 2. Taking the derivative of 𝑃 (𝛾) gives

𝑃 ′ (𝛾) = 𝑇 − 𝛾 ·𝑇 ′
𝑇 2

=
1

𝑇
− 𝛾 · 𝑇

′

𝑇 2
.
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Figure 4: Illustration of the power function 𝑃 and the optimal
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Figure 5: Illustration of the “sweet spot” in throughput and
latency curves as the lookahead distance 𝜆 increases.
Setting it to zero yields 𝑇 = 𝛾 ·𝑇 ′ . Using 𝑇 = ℎ(𝛾) leads to ℎ(𝛾) =
𝛾 ·ℎ′ (𝛾). In other words, the stationary point 𝛾∗ satisfies 𝛾∗ = ℎ (𝛾∗ )

ℎ′ (𝛾∗ ) .

Theorem 1. Assume that ℎ is continuous, increasing, strongly
convex, and twice differentiable. Then the stationary point 𝛾∗ that
satisfies 𝛾∗ = ℎ (𝛾∗ )

ℎ′ (𝛾∗ ) maximizes the power function 𝑃 (𝛾) = 𝛾

ℎ (𝛾 ) .

Appendix A.1 includes the proof. Figure 4 presents an example

curve 𝑇 = ℎ(𝛾) to illustrate the underlying intuition, where the

𝑥-axis represents throughput 𝛾 and the 𝑦-axis represents average

latency𝑇 . Consider an arbitrary point (𝛾,𝑇 ) on the curve𝑇 = ℎ(𝛾).
Imagine a straight line connecting (𝛾,𝑇 ) to the origin. The slope of
this line is

𝑇
𝛾
=
ℎ (𝛾 )
𝛾

= 1

𝑃 (𝛾 ) . Therefore, the problem of maximizing

power 𝑃 (𝛾) is equivalent to minimizing slope
1

𝑃 (𝛾 ) . This minimum

is achieved by the slope of a tangent line of 𝑇 = ℎ(𝛾), as shown by

the green line in Figure 4. As a result, the stationary point 𝛾∗ that
maximizes the power function 𝑃 (𝛾∗) corresponds to the tangent
point (𝛾∗,𝑇 ∗) of the curve 𝑇 = ℎ(𝛾), as shown in Figure 4. This

tangent point is unique if ℎ satisfies the assumptions stated in

Theorem 1. It is also easy to verify that the slope of the tangent line
connecting the tangent point to the origin is

𝑇 ∗
𝛾∗ =

ℎ (𝛾∗ )
𝛾∗ = 1

𝑃 (𝛾∗ ) .

2.4 Connection with PG AIO Distance Control
In PG AIO, the role of the lookahead distance is similar to the arrival

rate 𝜆 in a queuing system. Therefore, we abuse the notation by

using 𝜆 to also represent the lookahead distance. When increasing

𝜆, at the beginning throughput will increase while latency will re-

main stable; after certain “sweet spot,” throughput will not increase

much while latency will start to increase. The intuition behind the

power function is that maximizing power translates to maintaining

near-maximum throughput without increasing latency, which is

equivalent to finding the above “sweet spot” of 𝜆. Figure 5 illustrates

this relationship between the lookahead distance and the “sweet

spot” in the throughput and latency curves.

3 TUNING PG AIO LOOKAHEAD DISTANCE
We now apply the idea of maximizing the power function from

the theory of optimal flow control in computer networking to the

problem of tuning the lookahead distance for PG AIO.

A straightforward approach would be to keep track of through-

put and latency and then find the optimal lookahead distance 𝜆∗

that corresponds to the “sweet spot” in the throughput and latency

curves, as shown in Figure 5. However, in the context of the PG

AIO subsystem, it is difficult to observe the IO latency inside of a
read stream, given that IOs are performed by IO workers outside of
the read stream. That is, when the read stream comes back to check

whether it needs to wait on an IO submitted before, the IO may

have been finished a while ago. Therefore, the read stream does

not know when the IO was actually started and finished. Given the

difficulty of accurately measuring IO latency, the measurement of

throughput will also be inaccurate. As a result, the simple idea of

relying on keeping track of throughput and latency cannot work.

In the following, we propose a new approach that does not rely on

accurate measurements of throughput and latency.

Our key observation is that finding the optimal distance 𝜆∗ that
results in the stationary point 𝛾∗ of the power function 𝑃 (𝛾) does
not require the exact representation of 𝑃 (𝛾). That is, some surrogate
of the power function would be sufficient if our goal was to find a

point to maximize power. In fact, using a surrogate is a well-known

tactic in Bayesian optimization where the objective function to

optimize is an unknown black box [50, 51, 68].

3.1 Surrogate of Power Function
We define surrogate of the power function 𝑃 (𝛾) as

𝑃𝑠 (𝜆) =
𝛾

𝜆
=
𝑔(𝜆)
𝜆

. (3)

Compared to the standard power function defined in Equation 2,

𝑃𝑠 replaces the latency 𝑇 in the denominator by the lookahead

distance 𝜆. Moreover, instead of being parametrized by throughput

𝛾 as in Equation 2, 𝑃𝑠 is parametrized by 𝜆 where we view 𝛾 as

a function 𝑔(𝜆) of 𝜆. We then want to maximize the surrogate

power function 𝑃𝑠 (𝜆). The intuition of maximizing 𝑃𝑠 (𝜆) is clear:
we want to maximize throughput with the minimum lookahead
distance, which, as a coincidence, reiterates our motivation in the

introduction of this paper on tuning the lookahead distance.

Now consider again the stationary point of 𝑃𝑠 (𝜆). Taking the

derivative of 𝑃𝑠 (𝜆), we have

𝑃 ′𝑠 (𝜆) =
𝛾 ′ · 𝜆 − 𝛾

𝜆2
=
𝛾 ′

𝜆
− 𝛾

𝜆2
.

Setting 𝑃 ′𝑠 (𝜆) = 0 gives 𝛾 ′ · 𝜆 = 𝛾 . Therefore, the stationary point

𝜆∗ of 𝑃𝑠 (𝜆) satisfies the following condition:

𝜆∗ =
𝛾

𝛾 ′
=
𝑔(𝜆∗)
𝑔′ (𝜆∗) . (4)

Theorem 2. Assume that 𝑔 is continuous, increasing, strongly
concave, and twice differentiable. Then the stationary point 𝜆∗ that
satisfies 𝜆∗ = 𝑔 (𝜆∗ )

𝑔′ (𝜆∗ ) maximizes the surrogate 𝑃𝑠 (𝜆) = 𝑔 (𝜆)
𝜆

.

The proof of Theorem 2 can be found in Appendix A.2. Compared

to Theorem 1, Theorem 2 requires that 𝑔 be concave rather than

convex. This is because now we view throughput as a function

of the lookahead distance 𝜆. By the example shown in Figure 5,
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0

Figure 6: Illustration of the surrogate power function 𝑃𝑠 (𝜆)
and its stationary point (𝜆∗, 𝛾∗) that satisfies 𝛾∗

𝜆∗ = 𝑃
max

𝑠 .

Algorithm 2: Estimation of the throughput 𝛾 = 𝑔(𝜆)
Input: {𝜆 𝑗 }𝑛𝑗=1, the set of increasing distances to probe; {𝑚 𝑗 }𝑛𝑗=1,

the number of IO waits for each distance 𝜆 𝑗 .

Output: {𝛾 𝑗 }𝑛𝑗=1, the observed throughput based on Equation 5.

1 for 1 ≤ 𝑗 ≤ 𝑛 do
2 Observe𝑚 𝑗 IO waits;

3 for 1 ≤ 𝑘 ≤ 𝑚 𝑗 do
4 Compute 𝛾 𝑗,𝑘 using Equation 5;

5 𝛾 𝑗 ← 1

𝑚 𝑗

∑︁𝑚 𝑗

𝑘=1
𝛾 𝑗,𝑘 ;

6 return {𝛾 𝑗 }𝑛𝑗=1;

this assumption on the concavity of 𝛾 = 𝑔(𝜆) is reasonable. In fact,

we can reparametrize 𝑃𝑠 with 𝛾 as 𝑃𝑠 (𝛾) = 𝛾

𝑔−1 (𝛾 ) . Since 𝑔 is an

increasing function, if 𝑔 is concave, then 𝑔−1 is convex. Then we

can apply Theorem 1 to conclude that 𝛾∗ = 𝑔(𝜆∗) maximizes 𝑃𝑠 (𝛾)
without the need of Theorem 2.

Figure 6 illustrates the stationary point (𝜆∗, 𝛾∗) that maximizes

the surrogate power function 𝑃𝑠 (𝜆). We can see a symmetric geo-
metric interpretation by comparing it with Figure 4.

Remark. As a simple and intuitive example, if the latency 𝑇 is a

linear and increasing function of the lookahead distance 𝜆, that is,

𝑇 = 𝑎 · 𝜆 with 𝑎 > 0, then the stationary point 𝜆∗ that maximizes

the surrogate 𝑃𝑠 (𝜆) also maximizes the power function 𝑃 (𝛾), as we
have 𝑃 (𝛾) = 𝛾

𝑇
=

𝛾

𝑎·𝜆 = 1

𝑎
· 𝑃𝑠 (𝜆). That is, 𝑃 (𝛾) is also a linear and

increasing function of 𝑃𝑠 (𝜆).

3.2 Estimation of Throughput
The throughput function 𝛾 = 𝑔(𝜆) defined in the surrogate 𝑃𝑠 (𝜆) is
unknown. We now propose techniques to estimate 𝑔(𝜆).

Suppose that there are 𝐾 observed IO waits in the read stream

and that the block size is 𝐵 bytes. After the 𝑘-th IO wait (1 ≤ 𝑘 ≤ 𝐾 )
of the read stream, let 𝑁𝑘 be the total number of IO blocks that have
been completed so far and 𝑡𝑘 be the timestamp. We set 𝑁0 = 0 and

𝑡0 = 0. We estimate the throughput 𝛾𝑘 at the 𝑘-th IO wait as

𝛾𝑘 = 𝐵 · 𝑁𝑘 − 𝑁𝑘−1
𝑡𝑘 − 𝑡𝑘−1

. (5)

Note that this estimated throughput is different from the actual

throughput of the PG AIO system. In fact, it is a lower bound of the

actual throughput, because there can be ongoing IOs.

Algorithm 2 presents a simple approach to obtain the throughput

function𝛾 = 𝑔(𝜆). We define a set of increasing lookahead distances

{𝜆 𝑗 }𝑛𝑗=1. For each distance 𝜆 𝑗 , we observe𝑚 𝑗 IO waits before mov-

ing to the next distance. For each IO wait, we use Equation 5 to

compute the observed throughput. We then take the average of

these𝑚 𝑗 IO waits as the observed throughput 𝛾 𝑗 that corresponds

to the distance 𝜆 𝑗 . In the end, we obtain 𝑛 observed data points

{(𝜆1, 𝛾1), ...., (𝜆𝑛, 𝛾𝑛)} for the throughput function 𝛾 = 𝑔(𝜆).

Algorithm 3: Computation of the stationary point 𝜆∗

Input: { (𝜆 𝑗 , 𝛾 𝑗 ) }𝑛𝑗=1, the pairs of distance and throughput.

Output: 𝜆∗, the stationary point that maximizes 𝑃𝑠 (𝜆) .
1 for 1 ≤ 𝑗 ≤ 𝑛 do
2 𝑓 (𝜆 𝑗 ) ← 𝜆𝑗 · 𝑔′𝑗 − 𝛾 𝑗 ; // Compute 𝑔′𝑗 using Equation 7.

3 if 𝑓 (𝜆 𝑗 ) is zero then
4 # Case 1: there is a root.

5 return 𝜆 𝑗 ;
6 for 1 ≤ 𝑗 ≤ 𝑛 − 1 do
7 if 𝑓 (𝜆 𝑗 ) · 𝑓 (𝜆 𝑗+1 ) < 0 then
8 # Case 2: there is a “change of signs.”

9 return 𝜆 ← argmin𝜆∈ (𝜆𝑗 ,𝜆𝑗+1 ) | 𝑓 (𝜆) | ;
10 # Case 3: there is no root or “change of signs.”

11 𝐽 ← argmin
1≤ 𝑗≤𝑛 | 𝑓 (𝜆 𝑗 ) |;

12 return 𝜆 ← argmin𝜆∈ (𝜆𝐽 −1,𝜆𝐽 +1 ) | 𝑓 (𝜆) | ;

Note that we need to specify the two input parameters for Al-

gorithm 2: (1) {𝜆 𝑗 }𝑛𝑗=1, the set of increasing distances to probe; and

(2) {𝑚 𝑗 }𝑛𝑗=1, the number of IO waits for each distance 𝜆 𝑗 . We use a

geometric distance probing scheme for (1) with 𝜆 𝑗+1 = 𝜃 · 𝜆 𝑗 , where
𝜃 > 1 is some pacing factor. We set 𝜃 = 1.5 in our experimental

evaluation (Section 6). The problem of specifying (2) is more com-

plicated due to the variation that we observed in the throughput

measurements, and we discuss this problem in more detail with our

solution in Section 4.1.

3.3 Computation of the Stationary Point
To compute the stationary point 𝜆∗, we need to solve the equation

𝜆 · 𝑔′ (𝜆) = 𝑔(𝜆) . (6)

Since we do not have the analytic form of 𝑔(𝜆), we need to solve

this equation with a numerical procedure. Since 𝑔 is the throughput

function that fits the collected data points {(𝜆1, 𝛾1), ...., (𝜆𝑛, 𝛾𝑛)},
we can approximate its derivative 𝑔′ as

𝑔′𝑗 =
𝛾 𝑗 − 𝛾 𝑗−1
𝜆 𝑗 − 𝜆 𝑗−1

, for 1 ≤ 𝑗 ≤ 𝑛. (7)

We define 𝜆0 = 0 and 𝛾0 = 0 so that all derivatives are well defined.

Let 𝑓 (𝜆) be the following function
𝑓 (𝜆) = 𝜆 · 𝑔′ (𝜆) − 𝑔(𝜆) .

The problem of solving Equation 6 is equivalent to finding the root
of 𝑓 (𝜆). Again, we need to compute the root numerically, since we

do not have an analytical form of 𝑔 and thus 𝑓 .

Note that we have 𝑓 ′ (𝜆) = (𝜆 · 𝑔′ (𝜆))′ − 𝑔′ (𝜆) = 𝑔′ (𝜆) + 𝜆 ·
𝑔′′ (𝜆) − 𝑔′ (𝜆) = 𝜆 · 𝑔′′ (𝜆) . If 𝑔 is strongly concave, 𝑔′′ (𝜆) < 0. As

a result, 𝑓 ′ (𝜆) < 0 and thus 𝑓 is strictly decreasing. Therefore, if

𝑓 (𝜆) has a root, then the root will be unique in this case. Of course,

the real 𝑔 based on the observed data points may not be strongly

concave, so it is possible that we cannot find a root for 𝑓 or there

are multiple roots for 𝑓 . In the former case, we instead return the

minimum distance 𝜆 that minimizes |𝑓 (𝜆) |. In the latter case, we

return theminimum root that corresponds to theminimum distance.

Algorithm 3 presents the details of this procedure.

Specifically, we first compute 𝑓 (𝜆 𝑗 ) for each 𝜆 𝑗 with 1 ≤ 𝑗 ≤ 𝑛
(line 2). If we find any 𝜆 𝑗 with 𝑓 (𝜆 𝑗 ) = 0, then we return 𝜆 𝑗 as

the stationary point (line 5). On the other hand, if there is no 𝜆 𝑗
satisfying 𝑓 (𝜆 𝑗 ) = 0, we then check if there is any “change of
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Figure 7: Variation of observed Δ𝑡𝑘 on cloud storage system.
The coefficient of variation (CV) is defined as the ratio be-
tween the standard deviation and the mean. We observed a
CV of 1.22 (with mean 0.67 ms and standard deviation 0.82
ms), which implies a huge variation of the measurements.
signs,” that is, if there exist 𝜆 𝑗 and 𝜆 𝑗+1 such that 𝑓 (𝜆 𝑗 ) · 𝑓 (𝜆 𝑗+1) <
0. If so, we search within the range (𝜆 𝑗 , 𝜆 𝑗+1) and return the 𝜆

that minimizes |𝑓 (𝜆) | (line 9). Finally, it is possible that we fail

to find any root and in that case we look for 𝜆𝐽 that minimizes

{|𝑓 (𝜆 𝑗 ) |}𝑛𝑗=1 (line 11). We refine the result by searching within the

range (𝜆𝐽 −1, 𝜆𝐽 +1) to find a distance 𝜆 that further reduces |𝑓 (𝜆) |.

4 REFINEMENTS AND OPTIMIZATIONS
In this section, we present a set of refinement and optimization

techniques to improve the framework detailed in Section 3 for

tuning the lookahead distance. There are several practical issues

that hinder the direct applicability of the framework.

First, Algorithm 2 requires specifying the number of IO waits

at each distance, which is a nontrivial problem given the variation

or uncertainty observed in the throughput measurements. We pro-

pose to view the IO waits as “online samples” and use confidence

intervals (CIs) based on the central limit theorem (CLT) to decide

the stopping criteria of this sampling procedure (Section 4.1).

Second, Algorithm 3 looks for “change of signs” to check the

existence of stationary points. However, not all changes of signs

are worth considering. We propose to exploit the convexity and

concavity properties of the throughput-distance curve 𝛾 = 𝑔(𝜆) to
remove stationary points that are valid but misleading (Section 4.2).

In addition to these two major optimizations, we also include

other minor refinements in Section 4.3.

4.1 Reduction of Uncertainty
The estimated throughput based on Equation 5 requires two quan-

tities: (1) Δ𝑁𝑘 = 𝑁𝑘 − 𝑁𝑘−1 and (2) Δ𝑡𝑘 = 𝑡𝑘 − 𝑡𝑘−1. In practice,

we found that Δ𝑡𝑘 often exhibits a high variation. That is, for a

fixed lookahead distance and a stable number of IO blocks read in

(i.e., fixed Δ𝑁𝑘 ), Δ𝑡𝑘 can be very different for different 𝑘 . This is

true regardless of whether we measure Δ𝑡𝑘 within the read stream

(i.e., the producer in Figure 1) or within one of the IO workers (i.e.,

the consumer in Figure 1). As a result, the estimated throughput

also exhibits a high variation. This is especially the case when the

PostgreSQL database is deployed on top of cloud storage systems,

e.g., Azure managed disks [53].

Figure 7 presents a concrete example to show the observed vari-

ation of Δ𝑡𝑘 . It is a histogram that represents the distribution of the

observed Δ𝑡𝑘 . We observe that the distribution is quite long-tail,

covering a wide range between 0 and 20 milliseconds. Specifically,

let 𝜇 𝑗 =
1

𝑚 𝑗

∑︁𝑚 𝑗

𝑘=1
Δ𝑡 𝑗,𝑘 and 𝜎

2

𝑗 =
1

𝑚 𝑗

∑︁𝑚 𝑗

𝑘=1
(Δ𝑡 𝑗,𝑘 − 𝜇 𝑗 )2 be the mean

Algorithm 4: Estimation of 𝜇 𝑗 based on confidence interval

Input: 𝜆, the lookahead distance to probe;𝑚0, the number of

samples for a “pilot run”; 0 < 𝑟 < 1, the target relative error;

0 < 𝛼 < 1, the significance level.

Output: 𝛾 , the mean of the estimated throughput.

1 (𝛾0, 𝑠0 ) ←PilotRun(𝑚0);

2 𝑧 ← 𝑧
1−𝛼/2,𝑀 ←

(︁ 𝑧 ·𝑠
0

𝑟 ·𝛾
0

)︁
2

; // Equation 9

3 for 1 ≤ 𝑚 ≤ 𝑀 do
4 Observe the next IO wait with distance 𝜆;

5 Compute the estimated throughput 𝛾 using Equation 5;

6 Update the mean 𝛾 and the standard deviation 𝑠 with 𝛾 ;

7 if 𝑧
1−𝛼/2 · 𝑠√

𝑚
≤ 𝑟 · 𝛾 then

8 Break;
9 return 𝛾 ;

and variance (where 𝜎 𝑗 stands for the standard deviation) of the

distribution of Δ𝑡 𝑗,𝑘 . The “coefficient of variation (CV)” is defined

as CV𝑗 =
𝜎 𝑗

𝜇 𝑗
. A high CV then implies a large variation. For the

example in Figure 7, we observe a CV of 1.22, namely, the standard

deviation is 1.22× of the mean. This high variation indicates a high

uncertainty of 𝜇 𝑗 and therefore the observed throughput 𝛾 𝑗 .

We reduce the uncertainty with an approach based on “confi-

dence interval (CI)” of the observed Δ𝑡𝑘 and thus 𝛾𝑘 . This approach
does not require any explicit assumption of the underlying distri-

bution (e.g., normal or exponential distribution) and only relies on

the central limit theorem (CLT). The downside of this approach is

that it may require more observations to converge compared to

assuming explicit distributions.

Suppose that the observed throughput 𝛾 follows a distribution

with mean 𝜇 and standard deviation 𝜎 that are both unknown.

Our goal is to estimate 𝜇 with𝑚 i.i.d. samples 𝛾1, ..., 𝛾𝑚 from the

distribution. Applying the CLT, we have 𝑧 =
𝛾−𝜇
𝜎/
√
𝑚
∼ N(0, 1), where

𝛾 is the mean of 𝑚 samples and N(0, 1) is the standard normal
distribution. When𝑚 is relatively large (e.g.,𝑚 ≥ 30), we can use

the standard deviation of the samples 𝑠 to replace the unknown 𝜎 .

As a result, we have 𝑧 =
𝛾−𝜇
𝑠/
√
𝑚
∼ N(0, 1). The confidence interval

(CI) is then defined as [𝛾 −𝑧 · 𝑠√
𝑚
, 𝛾 +𝑧 · 𝑠√

𝑚
], where 𝑧 is the 𝑧-score

that is determined by the confidence level, i.e. the length of the CI,

1 − 𝛼 . Here, 𝛼 is the significance level in hypothesis testing. For

example, 𝛼 = 0.05means a confidence level of 0.95, which results in

a z-score 𝑧 = 𝑧1−𝛼/2 = 1.96. That is, the probability that the mean 𝜇

is covered by the confidence interval [𝛾 − 1.96 · 𝑠√
𝑚
, 𝛾 + 1.96 · 𝑠√

𝑚
]

is 0.95. 𝜇 = 𝛾 is then a reliable estimator of 𝜇 when the CI is tight.

CI-based Online Sampling. Let 𝑟 be some tolerable relative error of
𝜇 = 𝛾 with 0 < 𝑟 < 1, that is, (1−𝑟 ) ·𝜇 ≤ 𝜇 ≤ (1+𝑟 ) ·𝜇. Equivalently,
we have −𝑟 · 𝜇 ≤ 𝜇 − 𝜇 ≤ 𝑟 · 𝜇, that is, −𝑟 · 𝛾 ≤ 𝛾 − 𝜇 ≤ 𝑟 · 𝛾 . It
follows that |𝛾 − 𝜇 | ≤ 𝑟 · 𝛾 . Given some CI with length 1 − 𝛼 , we
have |𝛾 − 𝜇 | ≤ 𝑧1−𝛼/2 · 𝑠√

𝑚
. As a result, it requires

𝑧1−𝛼/2 ·
𝑠
√
𝑚
≤ 𝑟 · 𝛾 . (8)

This suggests an online sampling procedure that monitors the stop-

ping condition stated by Equation 8. One problem is that 𝛾 and 𝑠

in Equation 8 depend on the sample size𝑚. To have some control

over the sample size to make the online sampling procedure more

stable, we estimate𝑚 using a pilot run.
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Figure 8: Illustration of the connection between the convexity
of 𝛾 = 𝑔(𝜆) and 𝑓 (𝜆) > 0 at the distance 𝜆 𝑗 .

Pilot Run. Equation 8 suggests that we need a sample size 𝑚

with 𝑚 ≥
(︁ 𝑧

1−𝛼/2 ·𝑠
𝑟 ·𝛾

)︁
2

. However, we do not know 𝛾 and 𝑠 before

online sampling begins. Our solution is to use a small number (e.g.

𝑚0 = 30) of samples to obtain their mean 𝛾0 and standard deviation

𝑠0 as estimates for 𝛾 and 𝑠 . This gives us an estimate𝑀 for𝑚 as

𝑀 =

(︂𝑧1−𝛼/2 · 𝑠0
𝑟 · 𝛾0

)︂
2

, (9)

where 0 < 𝑟 < 1 is the relative error allowed for the estimation of 𝜇.

Putting It Together. Algorithm 4 presents the details of this CI-

based “online sampling” approach. We start with a “pilot run” de-

scribed above to determine an upper bound 𝑀 on the number of

samples, i.e., IO waits, to take (line 1). For each incoming IO wait,

we compute the estimated throughput 𝛾 using Equation 5, and then

update 𝛾 and 𝑠 with 𝛾 . We check whether the stopping condition in

Equation 8 is met (line 7) and exit online sampling if so.

Discussion. The “samples” are not necessarily i.i.d., as they de-

pend on the characteristics of the IOs from the read stream. For

example, a read stream with sequential reads can be quite different

from a read stream with random reads. Sometimes, a read stream

can contain IO bursts that are difficult to predict or capture by Algo-

rithm 4 if the bursts come after the first𝑀 IO waits. This can reduce

the efficacy of applying the CLT, which assumes i.i.d. samples (there

are variants of the standard CLT that do not require i.i.d. samples,

but they require other assumptions). We leave the investigation of

the impact of these subtleties for future work.

4.2 Exploitation of Convexity
Algorithm 3 looks for “change of signs” to locate potential stationary

points. Specifically, it checks the condition 𝑓 (𝜆 𝑗 ) · 𝑓 (𝜆 𝑗+1) < 0.

However, not all such distances are worth considering, depending

on the convexity and concavity properties of the curve 𝛾 = 𝑔(𝜆).
Figure 8 illustrates the case when 𝛾 = 𝑔(𝜆) is convex at 𝜆 𝑗 . We

define the angle 𝛼 𝑗 that satisfies tan𝛼 𝑗 =
𝛾 𝑗 −𝛾 𝑗−1
𝜆𝑗 −𝜆𝑗−1 and the angle

𝛽 𝑗 that satisfies tan 𝛽 𝑗 =
𝛾 𝑗

𝜆𝑗
. If 𝛾 = 𝑔(𝜆) is convex at 𝜆 𝑗 , then

𝛼 𝑗 > 𝛽 𝑗 and thus tan𝛼 𝑗 > tan 𝛽 𝑗 . As a result,
𝛾 𝑗 −𝛾 𝑗−1
𝜆𝑗 −𝜆𝑗−1 >

𝛾 𝑗

𝜆𝑗
. That is,

𝑔′ (𝜆 𝑗 ) >
𝑔 (𝜆𝑗 )
𝜆𝑗

. Therefore, 𝑓 (𝜆 𝑗 ) = 𝜆 𝑗 · 𝑔′ (𝜆 𝑗 ) − 𝑔(𝜆 𝑗 ) > 0.

Similarly, Figure 9 illustrates the case when 𝛾 = 𝑔(𝜆) is concave
at 𝜆 𝑗 . We have 𝛼 𝑗 < 𝛽 𝑗 instead and thus tan𝛼 𝑗 < tan 𝛽 𝑗 . Therefore,

we can conclude 𝑓 (𝜆 𝑗 ) < 0.
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0
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𝛾
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If 𝛼𝑗 < 𝛽𝑗, then 
𝑓 𝜆𝑗 < 0 and 
𝛾 = 𝑔 𝜆  is 
“concave” at 𝜆𝑗.

Figure 9: Illustration of the connection between the concavity
of 𝛾 = 𝑔(𝜆) and 𝑓 (𝜆) < 0 at the distance 𝜆 𝑗 .

Now consider the “change of signs” condition 𝑓 (𝜆 𝑗 ) · 𝑓 (𝜆 𝑗+1) < 0

again. There are two possible cases as follows.

• 𝑓 (𝜆 𝑗 ) < 0 and 𝑓 (𝜆 𝑗+1) > 0: It implies that 𝑔(𝜆) is concave at 𝜆 𝑗
but is convex at 𝜆 𝑗+1. This case is not interesting, as it means

that the growth of the throughput 𝛾 𝑗+1 = 𝑔(𝜆 𝑗+1) at the distance
𝜆 𝑗+1 is accelerating (see Figure 8). That is, the growth of the

throughput is faster than a projected linear function (with slope

tan 𝛽 𝑗 ) of the distance. This is an indicator that the “pipe” is not

full yet [41], and we can push more by increasing the distance.

• 𝑓 (𝜆 𝑗 ) > 0 and 𝑓 (𝜆 𝑗+1) < 0: It implies that 𝑔(𝜆) is convex at 𝜆 𝑗
but is concave at 𝜆 𝑗+1. This case is interesting, as it suggests that
the growth of the throughput 𝛾 𝑗+1 = 𝑔(𝜆 𝑗+1) at the distance 𝜆 𝑗+1
is decelerating (see Figure 9).

Therefore, we can replace the “change of signs” condition in Algo-

rithm 3 by the second case above. That is, 𝑓 (𝜆 𝑗 ) > 0 and 𝑓 (𝜆 𝑗+1) <
0. This helps skip stationary points that belong to the first case

above, which can mislead the search to stop too early with small

distances that increase the IO latency.

4.3 Other Refinements
4.3.1 Smoothing. We have implicitly assumed that increasing dis-

tance will not decrease the observed throughput. Figure 10 presents
a concrete example of a throughput-distance curve 𝛾 = 𝑔(𝜆) ob-
served in our experimental evaluation. The original curve in Fig-

ure 10(a) contains some zig-zag patterns, indicating that the ob-

served throughput does not always increase due to various reasons,

such as instability and variation in the performance of the IO system.

After smoothing, the curve becomes non-decreasing and makes it

easier to look for the stationary points, as Figure 10(b) shows.

4.3.2 Linear Interpolation. One problem of this simple smoothing

technique is that the derivatives at the smoothed points become

zero, which is less indicative. The point 𝑃 in Figure 10(b) presents

an example of this problem. To address this issue, we further use

a linear interpolation mechanism to avoid zero derivatives. The

point 𝑃 ′ in Figure 10(b) presents the “calibrated version” of 𝑃 after

applying the linear interpolation.

5 BASELINE SOLUTIONS
We propose a few alternative solutions based on the observed

throughput function 𝛾 = 𝑔(𝜆), which serve as baselines for a com-

parative study in our experimental evaluation (see Section 6).
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Figure 10: Smoothing to make throughput non-decreasing.

Startup Drain Probe_BW Probe_RTT

Figure 11: The state machine of BBR.
5.1 Customized BBR
BBR is a modern TCP congestion control mechanism proposed by

Google [10]. It is based on the idea of maintaining the bandwidth-
delay product (BDP) of the network link between the TCP sender

and the receiver. As was pointed out in [41], in many situations,

this coincides with maintaining the optimal operational point of

the underlying queuing system, which is equivalent to maximizing

the power function. Figure 11 presents the state machine employed

by BBR. It contains the following four states [10].

• Startup: It ramps up by increasing the pacing rate of sending
packets until it saturates the network bandwidth. The maximum

bandwidth 𝐵max
observed in this process is recorded.

• Drain: It keeps decreasing the pacing rate to drain the potential

queue built up during Startup. The minimum delay (between

sending a packet and receiving the ACK) 𝐷min
is recorded. The

BDP is computed as BDP = 𝐵max × 𝐷min
. The pacing rate is set

to match the BDP.

• Probe_BW : It loops over a predefined set of multipliers, e.g. {1.25,
0.75, 1, 1, 1, 1, 1, 1}, to increase/decrease/maintain the pacing rate

and monitor the corresponding maximum bandwidth observed,

with the purpose of detecting a potential change in network con-

ditions, e.g., a new link/path may have been established between

the sender and receiver.

• Probe_RTT : It is constantly invoked, e.g. every 10 seconds, to

measure the latest minimum delay𝐷min
. The BDP and the pacing

rate are then updated accordingly with the latest measurements

of 𝐵max
and 𝐷min

.

Algorithm 5: Customized BBR for tuning PG AIO distance.

Input: 𝑑min, the minimum distance allowed; 𝑑max, the maximum

distance allowed; 𝜌 > 1, acceleration factor in the Startup
phase; 0 < 𝛽 < 1, decay factor in the Drain phase; 𝑁 ,

number of IO waits in the Startup phase without observing

an increase of throughput; 0 < 𝑝 < 1, percentage of drop

for observed throughput in the Drain phase; 𝐾 , the

maximum number of IO waits allowed in the Drain phase.

Output: 𝜆∗, the best distance found.
1 Startup:
2 𝜆∗ ← 𝑑min, 𝛾max ← 0;

3 while 𝜆∗ < 𝑑max do
4 Observe the next IO wait and estimate throughput 𝛾 (Eq.5);

5 𝛾max ← max{𝛾,𝛾max};
6 if 𝛾max has not changed for 𝑁 IO waits then
7 Break;
8 𝜆∗ ← 𝜌 · 𝜆∗;
9 Drain:

10 for 1 ≤ 𝑖 ≤ 𝐾 do
11 Observe the next IO wait and estimate throughput 𝛾 (Eq.5);

12 if 𝛾 < (1 − 𝑝 ) · 𝛾max then
13 Break;
14 𝜆∗ ← 𝛽 · 𝜆∗;
15 return 𝜆∗;

As illustrated in Algorithm 5, we customize BBR in the context

of tuning PG AIO distance as follows.

• Startup: It ramps up by increasing the lookahead distance until
the maximum distance. Specifically, we multiply the distance by

some acceleration factor 𝜌 > 1 after an IO wait. We exit Startup
if the observed throughput does not increase after 𝑁 IO waits.

• Drain: To drain the potential queue of IOs built up in the Startup
phase, it reduces the distance by multiplying it by some decay
factor 0 < 𝛽 < 1 after an IO wait. We exit Drain if the observed

throughput drops by 𝑝 or after 𝐾 IO waits.

We omit the two states Probe_BW and Probe_RTT for two reasons.

First, storage systems are typically much more stable than net-

work systems (e.g., there is no analogy of link/path in a storage

system). Second, unlike Startup and Drain, which require only a

one-time computation, both Probe_BW and Probe_RTT are invoked

frequently (e.g., on every IO wait), which can significantly increase

the CPU computation overhead. In our experimental evaluation

(Section 6), we set 𝜌 = 1.5, 𝑁 = 2, 𝛽 = 0.9, 𝑝 = 0.05 (i.e., 5%), and

𝐾 = 5. These settings are common in existing BBR implementations

for TCP congestion control [19, 27].

5.2 Multi-armed Bandits
We can model the problem of determining the optimal lookahead

distance using multi-armed bandits. Specifically, we view each can-

didate distance as an arm. Selecting an arm thenmeans choosing the

corresponding lookahead distance, and the observed throughput

at the distance is the reward of the arm. We use the classic “upper

confidence bound (UCB)” strategy to play the arms and return the

arm (i.e. distance) with the maximum average throughput.

5.3 Bayesian Optimization
We can also address the problem of finding the optimal lookahead

distance using Bayesian optimization [50, 51, 68]. The idea is to
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Table 1: IO profiles of the queries used in the evaluation.

Query Type # Blocks # IOs Avg. IO Size

Q1 Sequential reads 1,125,159 70,322 16

Q2 Random reads 24,102 23,583 1.022

Q3 Random reads 138,551 131,327 1.055

view throughput as an unknown function of the distance and then

apply Bayesian optimization. In particular, we use GP-EI [68] in

this work for its known efficacy, which uses Gaussian process (GP)

with expected improvement (EI) as the acquisition function.

6 EXPERIMENTAL EVALUATION
We perform experiments to evaluate the efficacy of the proposed

solution (Section 3) with refinements (Section 4) and compare it

with baselines (Section 5).

6.1 Experimental Settings
We use the TPC-H benchmark with scaling factor 10. We use the

following three IO-dominant queries that have been mentioned in

the introduction of the paper:

(Q1) SELECT pg_prewarm(‘lineitem’);
(Q2) SELECT * FROM lineitem WHERE <p1>;
(Q3) SELECT * FROM lineitem WHERE <p2>.

Although we can use more complex TPC-H queries, they are typ-

ically bound by CPU computation rather than IO latency. Given

that the goal of this work is to optimize for IO performance, we

choose to focus on IO-dominant queries. Table 1 summarizes the IO

profiles of these queries. For each query, it reports the total number

of disk blocks read, the total number of IOs, and the average number

of blocks contained by an IO request. Each block is of size 8KB.

Note that PostgreSQL will combine consecutive block reads into one
single IO request, until the io_combine_limit (IOCL) is reached.

Hardware and Software Setups. We use a standard Azure D16s-

v3 VM with 16 vCPUs and 128GB of main memory. We also use

an Azure managed disk of size 1TB with the tier of “premium

SSD” [53]. We run all experiments with PostgreSQL 18, which

introduces support of asynchronous IO, and Ubuntu 22.04 LTS.

Configurations of PostgreSQL. We vary the following configura-

tion knobs of PG whose settings can have an impact on the perfor-

mance of the AIO subsystem, some of which have been mentioned

in the introduction of this paper.

• shared_buffers (SB): Following common practice, we set it to

32GB, which is 25% of the total available memory of the database

server used in our evaluation.

• effective_io_concurrency (EIC): Its default setting is 16.We

change it to 64 to allow for a larger range of choosing the looka-

head distance.

• io_combine_limit (IOCL): We use its default setting of 16,

which means that each IO request can contain up to 16 contigu-

ous disk blocks.

• io_workers: It specifies the number of AIO workers. We vary

it in {3, 8}, where 3 is the default setting.
With these settings, the maximum distance that could be chosen is

𝑑max = EIC × IOCL = 64 × 16 = 1, 024, as discussed in Section 1.2.

Moreover, we enable direct IO by executing the SQL statement:

ALTER SYSTEM SET debug_io_direct TO 'data';

This asks the kernel to minimize caching effects for relation data.

Performance Metrics. We consider two metrics to measure the

performance of the proposed solution and other baselines: (1) the

“stopping distance” where an approach ends up with, and (2) the

query latency with this stopping distance. Ideally, one approach

is better than another if both the query latency is lower and the

distance found is smaller. However, this may not always be possible.

For example, one approach can find a smaller distance that results

in higher query latency than the other.

Baselines. We compare our proposed approach, denoted as Max
Power, with the baseline approaches presented in Section 5: (1)

the customized version of BBR in Section 5.1 for PG AIO distance

control, denoted as BBR; (2) the multi-armed bandit formulation in

Section 5.2, denoted as MAB-UCB; and the Bayesian optimization

formulation in Section 5.3, denoted as GP-EI.

6.2 End-to-end Evaluation Results
We evaluate read streams with sequential reads and random reads.

Specifically, we use query Q1 for sequential reads and use queries

Q2 and Q3 for random reads (Section 6.1). For each query, we run

all approaches five times and report the average distance achieved

by each approach, as well as the corresponding standard deviation.

6.2.1 Sequential Reads. According to the PostgreSQL manual [60],

the pg_prewarmmodule provides a convenient way to load relation

data into either the operating system buffer cache or the PostgreSQL

buffer cache. Therefore, Q1 results in pure sequential reads of the

lineitem table with negligible CPU computation overhead. As a

result, the query latency of Q1 is dominated by IO operations. More-

over, since the disk blocks of lineitem is accessed sequentially, it

always allows for IO combination. That is, each IO request from Q1

contains exactly 16 disk blocks (as shown in Table 1), which is the

maximum length of IO combination specified by IOCL.

Figure 12(a) presents the (average) stopping distances of all

approaches. The solid red line represents the stopping distance

achieved by the current PG strategy described in Algorithm 1, which

is always 1,024 based on our experimental setup. The dashed blue

line represents the optimal stopping distance. We observe thatMax
Power can stop at a closer distance to the optimal one, compared

to the baselines. Moreover, the standard deviation (shown as an

error bar) of the stopping distance achieved by Max Power is also
smaller than the baselines, implying a higher stability or robustness

of Max Power. Among the baseline approaches, BBR reaches a

large distance that is close to what PG uses. The distances reached

by the two ML-based baselines,MAB-UCB and GP-EI, are smaller

than the distance reached by BBR, but remain much larger than

the distance found byMax Power and the optimal distance.

Figure 13(a) further presents the (average) query latency at the

stopping distance for each approach. As expected, PG achieves

query latency similar to that with the optimal distance, given that

PG always reaches the maximum possible distance under our ex-

perimental setup. On the other hand,Max Power and the baselines
can also achieve optimal query latency with small standard devia-

tions (again shown as error bars), although Max Power stops at
smaller distances compared to the baselines.
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Figure 12: Stopping distance achieved by the proposed approach (“Max Power”) compared to baseline approaches.
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Figure 13: Query latency at the stopping distance by the proposed approach (“Max Power”) compared to baseline approaches.
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Figure 14: Efficacy of online sampling: each graph shows the observed throughput and corresponding confidence interval.

6.2.2 Small Number of Random Reads. Figures 12(b) and 13(b)

present the stopping distance and the corresponding query latency

for Q2 achieved by all approaches. Q2 is dominated by random IOs.

As is evident from Table 1, the average IO size is around one disk

block, indicating a limited opportunity for IO combination.

With three IO workers (i.e., the default setting of PG), bothMax
Power and GP-EI can find the optimal distance, although GP-EI
exhibits a larger standard deviation, as Figure 12(b) shows. Again,

BBR researches a large distance that is close to the maximum

possible distance that PG uses. The distance found byMAB-UCB
is much smaller than that found by BBR but remains larger than

the optimal distance. Compared toMax Power and GP-EI, both
BBR andMAB-UCB exhibit much larger standard deviations with

the distances that they find.

When increasing the number of IO workers to eight,Max Power
finds a stopping distance that is larger than the optimal distance,

with a larger standard deviation compared to MAB-UCB and GP-
EI. MAB-UCB can find the optimal stopping distance in this case,

whereas GP-EI finds a stopping distance smaller than the optimal

distance. Unfortunately, the stopping distance found by GP-EI
results in a much higher query latency, as Figure 13(b) shows. As

shown in Figure 2, using a lookahead distance that is too small

can significantly increase the query latency. This suggests that one

may further set a lower bound for the lookahead distance as a

guardrail to prevent it from being too small. However, choosing

this lower bound appropriately remains a challenge, and we leave it

as one direction for future work. On the other hand, the behavior of

BBR remains similar, which finds a distance close to the maximum

possible with a large standard deviation.

6.2.3 Large Number of Random Reads. Figures 12(c) and 13(c)

present the stopping distance and the corresponding query latency

for Q3 achieved by all the approaches. Like Q2, Q3 is dominated by

random IOs, since its average IO size is around one disk block (see

Table 1). Moreover, Q3 performs more than five times random IOs

compared to Q2, which also results in higher query latency.

Using three IO workers,Max Power achieves both optimal stop-

ping distance and optimal query latency, with negligible standard

deviations. MAB-UCB finds a slightly larger stopping distance

with slightly larger standard deviation. GP-EI finds a much larger

stopping distance with a much larger standard deviation. The cor-

responding query latency of GP-EI is also higher than the optimal

query latency, with a larger standard deviation, as Figure 13(c)

shows. Once again, BBR yields a stopping distance that is close to

the maximum possible, also with elevated query latency.

When increasing the number of IO workers to eight, bothMax
Power andGP-EI achieve similar stopping distances that are larger

than the optimal one, with similar standard deviations. Their corre-

sponding query latency and its standard deviation are also similar,
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Figure 15: Number of IO waits in online sampling.
as Figure 13(c) shows. Compared toMax Power and GP-EI,MAB-
UCB finds a larger stopping distance with a much larger standard

deviation, indicating some instability in its behavior. BBR again

finds a stopping distance close to the maximum distance allowed.

Finally, both Max Power and the baselines achieve the optimal

query latency in this case.

6.3 Efficacy of Online Sampling
Each graph in Figure 14 presents the mean observed throughput

with its confidence interval as the lookahead distance increases,

using the online samplingmechanism presented in Section 4.1. Here

we set 𝛼 = 0.05, which implies a confidence level of 1−𝛼 = 0.95. We

observe a tiny confidence interval that is almost invisible, indicating

that themean observed throughput is very close to the ground-truth

mean throughput when online sampling ends.

Figure 15 further presents the average number of IO waits, as

well as its standard deviation (shown as an error bar), taken in

the online sampling process, for each of the three queries Q1, Q2,

and Q3. We observe that the number of IO waits taken by Q1 and

Q2 is similar, whereas Q3 requires more IO waits. Nevertheless,

the number of IO waits required for all three queries is negligible

compared to the total number of IOs (see Table 1).

7 DISCUSSION AND FUTUREWORK
Multiple Read Streams. We have been focusing on the problem

of tuning the lookahead distance of a single read stream. In prac-

tice, it is common to see multiple read streams running concur-

rently within a PG instance. An interesting question is whether the

approach proposed in this paper remains effective in such multi-

stream setups. We have tested some simple setups, such as run-

ning two concurrent pg_prewarm queries over different TPC-H

tables, and we do not see the difference in terms of the chosen stop-

ping distance by our approach. However, a more systematic study

is desirable, especially in a production PG database deployment

with real-world customer workloads, which remains a challenge

on Azure Database for PostgreSQL due to reasons such as data

compliance and privacy. We therefore leave this for future work.

The Case for Using io_uring. We have focused on the default

worker option offered by the PG AIO subsystem. However, our

proposed approach can also be applied to the io_uring option,

because our approach is designed on top of the read stream ab-

straction and thus is oblivious to the underlying implementation

of the PG AIO subsystem. io_uring is a high-performance Linux

asynchronous IO framework that drastically improves efficiency by

reducing system calls and context switches through shared, lock-

free ring buffers between user space and the kernel. As a result, PG

AIO performance (e.g., throughput) could be further improved for

Linux kernels that support io_uring. Nevertheless, as reported
by recent work [33], careful tuning is required to achieve a perfor-

mance improvement of 14% when PG is integrated with io_uring.
Therefore, although we would expect a larger optimal lookahead

distance to match the improved IO throughput with io_uring, a
thorough investigation is needed to better understand the impact

of the lookahead distance, which we leave for future work.

8 RELATEDWORK
Prefetching. Database systems use a buffer pool to cache data

pages that are frequently accessed. As a result, prefetching pages

from the storage system that will be accessed in the near future into

the buffer pool can have significant benefit by reducing the number

of “page faults” that can significantly slow down query processing.

There has been extensive work on improving prefetching for data-

base and storage systems [4, 12, 14–16, 20, 22, 25, 30, 35, 45–47, 52,

65, 67, 70, 72, 74, 75, 82, 83, 86]. One key challenge in prefetching is

to speculate or predict the next pages to be fetched from the storage

system, based on historical access patterns. As a result, it is typically

viewed as an online sequential prediction problem, and solutions

to this problem include data compression [20, 45, 75], analytic cost

modeling [30, 67, 86], access pattern matching [22, 46, 47, 70, 72, 82],

and recently machine learning [4, 12, 15, 16, 25, 52, 83]. As we noted

earlier in the paper, the problem of tuning lookahead distance of the

PG AIO subsystem is different from this line of work on prefetching,

as the pages to be fetched are known and do not require speculation

or prediction. The new challenge is to minimize the time required

to fetch these pages with minimum buffer pool occupancy.

Buffer Pool Management. In addition to prefetching, another re-

lated problem in buffer pool management is cache replacement.
Specifically, when a page is brought in (either on demand or via

prefetching), if there is no empty frame or slot left in the buffer pool,

then the database system needs to select a victim page and evict it

to make room for the new page. The question is to design a good

replacement policy to minimize the impact of evicting the old page,

and there have been many proposals [1, 18, 34, 56, 57]. Although

we do not consider the impact on existing buffer pool pages when

bringing more pages into memory with a larger lookahead distance,

we recognize this as an interesting direction for future work. For

example, existing work on the cost modeling of cache replacement

policies [55, 80] may be useful. Moreover, one may want to further

consider the gap between the time when a page is brought in and

the time when the page is used by the caller of the read stream.

Flow Control in Computer Networking. The study of flow con-

trol in computer networking can date back several decades. An

interesting line of work in this area is the study of the power func-

tion [7, 32, 37, 39–41], which inspired our work in this paper. As

was pointed out by Kleinrock [41], the problem of maximizing the

power of a system coincides with the problem of finding its optimal

operational point, which lays the theoretical foundation for the

development of BBR [9, 10, 23, 31, 61, 63, 69], one of the state-of-the-

art TCP congestion control protocols designed for Internet-scale

network communication. From a control theory point of view, BBR

is also an instance of max-plus control [6, 29, 64]. As a result, the
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principles of max-plus control can be applied to further improve

the BBR-style baseline studied in this paper for tuning lookahead

distance (Section 5.1). In addition, there are other TCP congestion

control protocols, such as additive increase and multiplicative de-

crease (AIMD) [17], CUBIC [28], Copa [5], and Timely [54]. While

BBR requires monitoring both throughput and latency to compute

the “bandwidth-delay product (BDP),” some of these protocols, such

as Copa and Timely, are delay-based and only require monitoring

latency. It is possible that similar delay-based mechanisms can be

developed for tuning the lookahead distance of the PG AIO subsys-

tem. We leave this as a fertile ground for future exploration.

Database Knob Tuning. In recent years, there has been inten-

sive research on the problem of database knob tuning (see [85]

for a survey), where the goal is to find the values for the database

system configuration parameters (a.k.a. knobs in the literature),

such as the shared_buffers for PG, that can optimize the per-

formance of a target workload. Existing solutions are based on

machine learning (ML) technologies such as Bayesian optimiza-

tion [3, 11, 24, 36], reinforcement learning [2, 49, 76, 84], and most

recently large language models [26, 48, 71]. Moreover, some re-

cent approaches [26, 76] further include index tuning as part of

the database knob tuning problem, although index tuning is gen-

erally viewed as a different problem that itself has been studied

extensively [8, 13, 21, 43, 44, 62, 66, 73, 77, 78, 81]. Our work on

tuning the lookahead distance of the PG AIO subsystem is a special

instance of the general database knob tuning problem, although the

lookahead distance is currently not exposed as a PG knob that can

be tuned externally. Our proposed approach is analytic and outper-

forms ML-based approaches, as is evident in our evaluation. This

provides an alternative thinking to the general problem of database

knob tuning. Although ML technologies are prevalent in existing

solutions, simpler and more analytic approaches may remain com-

petitive or even more effective for tuning certain types of knobs.

This is therefore a potential new direction for future research.

9 CONCLUSION
We presented a new approach to tuning the lookahead distance

for asynchronous IOs in PostgreSQL. It is inspired by the well

established theory of optimal flow control in computer networking.

We developed a surrogate of the power function of a (queuing)

system, the maximization of which gives the optimal operational

point. We further used online sampling to reduce the uncertainty in

the observed throughput and thus the value of the surrogate power

function. Experimental evaluations demonstrate the efficacy of our

proposed approach for IO-dominant queries with both sequential

and random reads, which outperforms the current strategy used

by PostgreSQL as well as other baseline approaches based on BBR,

multi-armed bandits, or Bayesian optimization.
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A PROOFS
A.1 Proof of Theorem 1
We have the derivative of 𝑃 (𝛾) as 𝑃 ′ (𝛾) = 1

𝑇
− 𝛾 ·𝑇 ′

𝑇 2
. It follows that

𝑃 ′′ (𝛾) =

(︂
1

𝑇

)︂ ′
−
(︂𝛾 ·𝑇 ′
𝑇 2

)︂ ′
= − 1

𝑇 2
·𝑇 ′ − (𝛾 ·𝑇

′)′ ·𝑇 2 − (𝛾 ·𝑇 ′) · (𝑇 2)′
𝑇 4

= −𝑇
′

𝑇 2
− 𝑇

′ + 𝛾 ·𝑇 ′′
𝑇 2

+ 𝛾 · 2𝑇 · (𝑇
′)2

𝑇 4

=
𝑇 · (−𝛾 ·𝑇 ′′ − 2𝑇 ′) + 2𝛾 · (𝑇 ′)2

𝑇 3
.

Substituting 𝛾∗ = 𝑇
𝑇 ′ , we obtain

𝑃 ′′ (𝛾∗) =
𝑇 · (− 𝑇

𝑇 ′ ·𝑇
′′ − 2𝑇 ′) + 2 · 𝑇

𝑇 ′ · (𝑇
′)2

𝑇 3

=
−𝑇 2 · 𝑇 ′′

𝑇 ′ − 2𝑇 ·𝑇
′ + 2𝑇 ·𝑇 ′

𝑇 3

= − 𝑇 ′′

𝑇 ·𝑇 ′ = −
ℎ′′ (𝛾∗)

ℎ(𝛾∗) · ℎ′ (𝛾∗) .

Clearly, ℎ(𝛾∗) > 0 since delay/latency must be positive, ℎ′ (𝛾∗) > 0

since ℎ is increasing, and ℎ′′ (𝛾∗) > 0 since ℎ is strongly convex. As

a result, we have 𝑃 ′′ (𝛾∗) < 0 and therefore 𝑃 (𝛾) achieves its maxi-

mum at 𝛾∗. In other words, the stationary point with throughput

𝛾∗ satisfying 𝛾∗ = ℎ (𝛾∗ )
ℎ′ (𝛾∗ ) yields the maximum power.

A.2 Proof of Theorem 2
We have the derivative of the surrogate 𝑃𝑠 (𝜆) as

𝑃 ′𝑠 (𝜆) =
𝛾 ′ · 𝜆 − 𝛾

𝜆2
=
𝛾 ′

𝜆
− 𝛾

𝜆2
.

Setting 𝑃 ′ (𝜆) = 0 gives

𝛾 ′ · 𝜆 = 𝛾 .

Therefore, the stationary point 𝜆∗ satisfies

𝜆∗ =
𝛾

𝛾 ′
=
𝑔(𝜆∗)
𝑔′ (𝜆∗) .

Next, consider the second derivative 𝑃 ′′𝑠 (𝜆) at 𝜆∗. We have

𝑃 ′′𝑠 (𝜆) =

(︂𝛾 ′
𝜆

)︂ ′
−
(︂ 𝛾
𝜆2

)︂ ′
=

𝛾 ′′ · 𝜆 − 𝛾 ′
𝜆2

− 𝛾
′ · 𝜆2 − (𝜆2)′ · 𝛾

𝜆4

=
𝛾 ′′

𝜆
− 𝛾

′

𝜆2
− 𝛾

′

𝜆2
+ 2𝜆 · 𝛾

𝜆4

=
𝛾 ′′

𝜆
− 2𝛾 ′

𝜆2
+ 2𝛾

𝜆3
.

Substituting 𝜆∗ = 𝛾

𝛾 ′ , we obtain

𝑃 ′′𝑠 (𝜆∗) =
𝛾 ′′ · 𝛾 ′
𝛾
− 2𝛾 ′3

𝛾2
+ 2𝛾 · 𝛾 ′3

𝛾3

=
𝛾 ′′ · 𝛾 ′
𝛾
− 2𝛾 ′3

𝛾2
+ 2𝛾 ′3

𝛾2

=
𝛾 ′′ · 𝛾 ′
𝛾

=
𝑔′′ (𝜆∗) · 𝑔′ (𝜆∗)

𝑔(𝜆∗) .

Clearly, 𝑔(𝜆∗) > 0 since throughput is positive, 𝑔′ (𝜆∗) > 0 since

𝑔 is increasing, and 𝑔′′ (𝜆∗) < 0 since 𝑔 is strongly concave. As a

result, 𝑃 ′′𝑠 (𝜆∗) < 0, and therefore, 𝑃𝑠 (𝜆) reaches its maximum at

the lookahead distance 𝜆∗.
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