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ABSTRACT
Systems often need to support analytical (OLAP) workloads that
perform concurrent scans of data on secondary storage. The bu�er
manager is tasked with fetching data into the database system's
bu�er pool and caching it there so as to increase the hit rate on these
data, thereby lowering query latencies. This paper presents a data-
base bu�er caching policy that uses information about long-running
scans to estimate future accesses. These estimates are used to ap-
proximate an optimal bu�er caching policy that would otherwise
infeasibly require knowledge about future accesses. Since a bu�er
caching policy must be e�cient with low overhead, we present
sampling-based predictive bu�er management techniques where
bu�er eviction considers only a small random sample of bu�ers
and access time estimates are used to select from the sample. This
design is advantageous as it is easily tuned by adjusting the sample
size, and easily modi�ed to improve access time estimates and to
expand the set of workload types that can be predicted e�ectively.
We evaluate our techniques through both simulation studies on real
Amazon Redshift workload traces and through implementation into
the well-known open-source PostgreSQL database system on the
popular TPC-H and YCSB benchmarks. We show that our approach
delivers substantial performance improvements for workloads with
scans, reducing I/O volume signi�cantly by up to 40% over Post-
greSQL's Clock-sweep policy and over prior predictive approaches
for workloads using sequential scans and index accesses.
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1 INTRODUCTION
Bu�er management is a critical task in database systems. A database
system's bu�er manager controls memory with the task to limit
the number of bu�ers in use so that they �t in the main memory of
the machine running the database system.

For most database systems, e.g., PostgreSQL, the bu�er manager
controls the memory or bu�er cache directly. This means that when
requests exceed the available space, the bu�er manager has to pick
a bu�er to empty by returning its contents to secondary storage. A
crucial decision that the bu�er manager must make is what block
to evict from the bu�er pool when a new block is requested [9]. For
example, PostgreSQL uses the popular Clock algorithm to make
eviction decisions [27].

Since reading from secondary storage is signi�cantly slower than
reading from memory, it would be greatly bene�cial to keep as much
data in the bu�er cache as possible. Memory is still much more
expensive than common forms of secondary storage, so systems are
typically forced to choose what to keep in memory for faster access
within the available limit on the server. However, the objective
is the same as for bu�er pool management: how to minimize the
number of storage accesses (I/O) by increasing the hit rate of data
blocks in the bu�er pool and improve overall system performance.
A key challenge in increasing bu�er pool hit rates is to have low
running times for the policy that manages the bu�er pool through
low-latency eviction decisions.

An optimal eviction strategy requires knowledge about future
accesses, making it generally impossible to implement in a real
system. As such, real systems tend to use simple heuristics with
low latency computation such as Clock [29] or Least-Recently-Used
(LRU).

An optimal policy can be leveraged in the form of predictive
bu�er management (PBM), where the bu�er manager predicts future
accesses to inform cache eviction decisions and tries to mimic
the optimal caching policy. Switakowski et al. use such a strategy,
exploiting the structure of sequential database scans to estimate
the next access time of data in the cache [31]. Their approach uses
a priority-queue based strategy that is not open sourced.

1.1 Contributions
In this paper, we propose an alternate approach to predictive bu�er
management using sampling which is simpler, more �exible and
extensible, and generally uses more up-to-date estimates. We show
that our sampling-based approach, which picks a small, random
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subset of pages from the bu�er pool to make eviction decisions
e�ciently, generally performs better than the prior priority-queue
based approach for workloads. Moreover, we take advantage of
our extensible design to predict index scans to expand the set of
workloads on which predictive bu�er management can be used.
We provide the �rst open-source implementation in PostgreSQL
of both our approach and the prior approach [31], describing the
design and implementation of our contributions.

The rest of this paper is organized as follows. We discuss concepts
and background related to predictive bu�er management in Ÿ 2.
In Ÿ 3, we present our proposed sampling-based predictive bu�er
management, and in Ÿ 4 we describe its enhancements and imple-
mentation details. In Ÿ 5, we compare our approach to a number of
state-of-the-art bu�er replacement policies using simulation studies.
Ÿ 6 presents our evaluation of PBM-sampling's system performance.
Ÿ 7 covers related work, and we conclude in Ÿ 8.

2 BACKGROUND
In this section, we provide background on the concepts related to
predictive bu�er management.

2.1 Optimal Cache Eviction
Belady's MIN algorithm is known to be an optimal caching policy
[2]: for any sequence of accesses, it minimizes the number of ac-
cesses that are not satis�ed by the cache and must access the next
layer in the relevant storage hierarchy. It achieves this by evicting
the cache item that will be accessed furthest in the future, which
requires knowing future accesses. It is generally impossible to know
future accesses so real-life systems are forced to use a sub-optimal
heuristic policy such as Clock.

2.2 Overview of Priority Queue-based Predictive
Bu�er Management

Switakowski et al. focus on database bu�er caching under a work-
load with mostly sequential access, and leverage knowledge about
the currently active queries to estimate the future access pattern [31].
We provide an overview of their approach that we will call PQ in
this section.

Information about active sequential scans in the database is
tracked to predict when di�erent parts of the data will be accessed
next. When a scan starts, based on the information in the query, the
scan registers itself indicating the set of blocks it will eventually
access and when it will access those blocks. For each block, the
system stores a list of the scans that will access that block. When a
scan reaches a particular block, it removes itself from that block's
list of scans, since the same sequential scan will not return to the
same block.

As the scan progresses, it tracks its current position and speed,
which together are used to estimate when it will reach a partic-
ular data block assuming it will maintain the current scan speed.
Making decisions about what to evict must be done quickly. In
[31], the authors found that storing the bu�ers in a true priority
queue was too slow and instead developed an approximate priority
queue to alleviate this concern. The approximate priority queue
groups database blocks into a �xed number of buckets based on the

estimated time to next access, with buckets further in the future
having exponentially wider ranges than buckets to be accessed
sooner.

Cached blocks are inserted into the approximate priority queue
or moved between buckets in the queue when it is loaded into
the cache or when the set of scans that will access it changes, i.e.,
when a new scan starts or an existing scan has �nished processing
that block. As time progresses, the priority � corresponding to the
time to next access � of each block decreases, so the buckets are
periodically shifted to correspond to earlier time intervals with the
earliest bucket being removed.

3 SAMPLING-BASED PREDICTIVE BUFFER
MANAGEMENT

In this section, we present our predictive bu�er management strat-
egy based on sampling that uses estimates about future access times
while removing the need for the approximate priority queue en-
tirely. Figure 1 provides an overview of our approach, in which the
traditional bu�er pool implementation of the DBMS,E , and its
interaction with the storage level require relatively minimal modi-
�cation. Consequently, our contribution of sampling-based PBM
( A ) can be platform-agnostic and easily integrated into existing
systems, in addition to being �exible and extensible. Our sampling-
based PBM component is concisely concerned with choosing a
suitable eviction victim.

Buffer Pool

b1 b2 b3 b4

PBM

Block Metadata

ChooseEvictedBlock()

Scan Metadata

StartBlock;
BlockCount;
CurrentBlock;
EstSpeed;
...

StartBlock;
BlockCount;
CurrentBlock;
EstSpeed;
...

StartBlock;
BlockCount;
CurrentBlock;
EstSpeed;
...

Eviction Sample (N=2)
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t access , 
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Figure 1: Overview of PBM-sampling

In our sampling-based PBM approach that we will refer to as
PBM-sampling: (i) scans register themselves and keep track of their
progress and speed as shown inB , and (ii) a list of relevant

scans is kept for each block inC . Sampling-based PBM uses
estimated access times to select what to evict. Instead of ranking
candidates, we select a random group of candidates (D ) and
calculate the estimated next access times using the blocks and scans
metadata to choose an eviction victim from the selected sample.
Since the relevant scans for each block are accessible through the
scan metadata, we can estimate when each block is going to be
accessed judging by their speed and progress. This information is
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then utilized to evict the block with the estimated next access time
furthest in the future.

Pseudocode for choosing which block to evict from the bu�er
cache is shown in Algorithm 1. We �rst choose# random blocks
from the cache that are not currently in use, where# is a con�g-
urable constant1. We estimate the next access time for each of the
blocks in the random sample by approximating when each active
scan will reach the block and considering the scan that is predicted
to reach it �rst. Then, from the sampled blocks, the one with highest
estimated next-access-time is returned.

Function ChooseEvictedBlock():
samples array of length #
for 8  1 to # do

blk random unused block
t EstimateNextAccess(blk)
samples[8] (blk, t)

end
for 8  1 to # do

B  sample with highest estimated access time
if B can be evicted then

return B
else

remove B from list of samples
end

end
return random unused block

Function EstimateNextAccess(blk):
if blk has registered scans then

return min B2blk.scans
B�scan_blocks_until(blk)

B�est_speed

else
return1

end

Algorithm 1: Sampling-based bu�er cache eviction strategy

Note that it is possible for the selected block to not be evictable
anymore if a concurrent query either already evicted it or started
using it. We avoid locking the blocks when they are initially se-
lected to minimize the possible impact on concurrent queries while
calculating the access time estimates. To handle this race condition,
we ascertain at the end whether the chosen block is still a valid
candidate and select another block if it is not.

We expect our proposed sampling-based approach to work well
for several reasons: (i) it inexpensively identi�es a group of candi-
date blocks that can be evicted by time-to-next-access rather than
a single best candidate [2], and (ii) it does not rely on identifying
all such candidates. For the sake of correctness, we formally estab-
lish in the next section that these concepts generally hold for our
proposed approach.

1We discuss the e�ect of sample size in Ÿ 6.

3.1 Generalizing the Optimal Eviction Strategy
To consider a notion of optimality for eviction candidates, let us
consider Belady's MIN algorithm, which is to simply evict the
single bu�er cache item that will be accessed furthest in the future.
However, we state that some other page with a closer next access
time could also be evicted without a�ecting the total number of
cache misses, and thus the optimality of the algorithm.

For example, let us consider a bu�er cache with a capacity of 4
pages that initially holds pages A, B, C, and D. Let us assume that
the next sequence of accesses is E, A, D, A, E, B, C, respectively. To
read item E, one item must be evicted. According to MIN, since C
has the furthest next access time (will be accessed last), it is the
optimal candidate for eviction. Therefore, on access, E replaces C
in the cache. Then, the next 5 accesses (A, D, A, E, B) will result in
cache hits, while the very last access (C) will be a miss, completing
the accesses with 2 cache misses. Although it might seem that C is
the only optimal eviction candidate, if B is evicted instead of C (at
the very �rst read of E), we will still end up with 2 cache misses for
the entire trace (if we abide by MIN for the rest of the evictions).
However, evicting A or D at that point will result in 3 cache misses,
which would be suboptimal.

More generally, at any given time, any item that MIN would
evict before its next access is an optimal eviction candidate, even if
it does not have the furthest next access time. This is a desirable
property as it increases the chance of optimal eviction for a realistic
algorithm that, unlike MIN, does not have prior knowledge of next
accesses, because instead of only one optimal eviction choice, we
have potentially multiple choices. We refer to the subset of optimal
cache eviction choices as MIN-optimal. We now prove this more
formally:

Suppose that- and. are items in the bu�er cache at time-step
C0, both- and. are next accessed afterC1, and some optimal policy
(such as MIN) would evict- at C0 and evict. at C1. If the evictions
of - and. are swapped so that. is evicted atC0 and- is evicted
at C1 instead, then the resulting strategy is still optimal.

Proof. Since neither- nor . are accessed betweenC0 and C1
and the rest of the bu�er cache contents are una�ected in this time
range, swapping the evictions will not change the number of bu�er
cache hits/misses betweenC0 andC1. After C1 both- and. have
been evicted and the bu�er cache contents are now identical to if
the evictions were not swapped, so the behaviour after this point is
identical to the original policy and there are no additional bu�er
cache misses afterC1. Thus. would also be an optimal eviction
candidate at C0, since swapping these evictions does not incur any
extra bu�er cache misses. □

We showed that at any given time, more than one optimal evic-
tion candidate could exist. However, even if we had a way to estimate
next access times, doing so for the entire bu�er cache is computa-
tionally intensive. Additionally, since no realistic algorithm knows
about next accesses, it is also impossible to know the cardinality of
the MIN-optimal subset (let us denote the fraction of MIN-optimal's
cardinality to the size of bu�er pool as?). Consequently,? can be
considered an unknown, and a suitable predictive eviction algo-
rithm needs to perform well in cases where? is very small. If a
sampling-based algorithm picks# random samples from the bu�er
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Figure 2: Probability of an optimal eviction decision with #
samples

pool, there is a 1� „1�?”# probability that at least one of the mem-
bers of the MIN-optimal subset is in the random sample. Figure 2
shows that even if? is very small (? is shown in the x-axis), we
can, with a sample size as small as 50, have a relatively high chance
of sampling a MIN-optimal member.

Provided that a dependable method of estimating next access
times is also implemented in the eviction algorithm, with a large
enough number of samples, there is a high chance of an optimal
eviction. As explained earlier, we use metadata from ongoing scans
in the database system to estimate next access times, and as we
show in our experiments, it serves as an e�ective heuristic for
certain workloads.

4 IMPLEMENTATION AND OPTIMIZATIONS
We implement our PBM-sampling approach into PostgreSQL. Al-
though it is challenging to implement any approach into a database
system as large as PostgreSQL, for the sake of fair comparison, we
also implement PQ. This also allows us to have the code available
in a popular, widely used, open-source system as a contribution to
the research and open-source community, and for others to build
on and extend.

We implement these algorithms in PostgreSQL by modifying the
bu�er manager subsystem. These modi�cations include but are not
limited to:

� Changing the eviction victim selection code path
� Modifying the free-list implementation
� Adding �elds to the bu�er headers (bu�er descriptors)
� Additional data structures to keep track of registered sequential

scans for each block
� Additional data structures for scans to track their speed and

progress

An important implementation aspect is that since tracking meta-
data about every block in the database (B and C in Figure 1) is
not feasible in a real system due to memory limitations, we increase
the granularity to block groups instead of blocks. By default, we
use a block group size of 1 MiB, which means 128 consecutive 8
KiB blocks share metadata about sequential scans. We chose 1 MiB
partially to correspond with the granularity of PostgreSQL BRIN
indexes.

Moreover, we make some enhancements to our approach to
help it make better eviction decisions in the presence of workload
characteristics di�erent from purely sequential scans. In this section,
we explain our enhancements to PBM-sampling and brie�y explain
their implementation details in PostgreSQL.

4.1 Bulk Eviction
In PBM-sampling, there is no direct CPU bene�t to evicting multiple
bu�er cache blocks at once, but we can achieve better hit rate for
the same CPU cost with a bulk eviction technique.

Rather than choosing# bu�ers from the cache and evicting
only one each time a page is loaded, consider taking a sample of
:# bu�ers and evicting: bu�ers from the sample with the largest
next-access time. This technique considers the same:# bu�ers
over a sequence of: bu�er allocations, but can make better eviction
decisions by considering them all together rather than separately.

With separate single evictions, it is possible that one sample may
not contain any good candidates resulting in a bad eviction, while
another sample may contain multiple good eviction candidates but
will select only one. With bulk eviction, it is as if we can take a
surplus good eviction candidate from a di�erent recent or near-
future sample instead of evicting the bad candidate, thus reducing
the overall rate of bad eviction choices.

With this technique the total number of samples chosen � and
therefore next-access estimates computed � stays the same com-
pared to single-eviction, so the CPU cost is practically the same,
but we can make better eviction decisions and improve the hit rate.
In our implementation of PQ and PBM, we achieve bulk eviction
by appending the evicted blocks to the pre-existing PostgreSQL
implementation of a free-list.

4.2 Frequency Statistics
We propose to keep frequency statistics in PBM-sampling that is
relatively easy to implement. In PBM-sampling, the system tracks
an exponentially weighted moving average of the time between
accesses (inter-access time) for each block in the bu�er cache. As
depicted in Algorithm 2, if the time-since-last-access is less than
the average inter-access time, the frequency-based time-to-next-
access is estimated to be the average inter-access time. Once the
time-since-last-access exceeds the average inter-access time, the
time-since-last-access is used as the estimated time-to-next-access
instead to decrease the relative priority of these blocks over time.

If a block is also registered by a sequential scan, the resulting
next-access estimate is the minimum of the frequency-based and
scan-based estimates.

These statistics are kept only for blocks currently in the cache,
so newly loaded blocks will not have an inter-access time since they
have been accessed only once. Newly loaded blocks are therefore
more likely to be evicted prematurely if they are not also requested
by a sequential scan. This is mitigated with sampling since we
expect some time to pass before the blocks will be sampled. Our
evaluations (ŸŸ 5 and 6) show that adding frequency statistics helps
with workloads where there are many point reads that follow a
skewed distribution.

To implement frequency statistics tracking in PostgreSQL, we
augment bu�er headers with new �elds that track the statistics,
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Function EstNextAccessFreq(blk):
t_since_access now � blk.last_access
if blk.num_access � 1 then

/* not enough recent access information */
return1

else if blk�avg_inter_access < t_since_access then
return blk.avg_inter_access

else
return t_since_access

end

Algorithm 2: Next-access-time estimate based on recent inter-
access times.

and we update them whenever the bu�er is accessed. Once a new
page is loaded into the bu�er, the �elds are reset to default. Next,
we discuss another method for handling the case of non-requested
blocks.

4.3 Fallback to LRU
With our sampling-based strategy, the frequency statistics described
in Ÿ 4.2 generally prioritize among blocks that are not requested
sequentially, but it has a blind-spot for blocks that are new to the
cache and have not yet been accessed multiple times. A technique
we can use to improve this case is to use LRU as a tie-breaker
for blocks that are not requested sequentially and do not have
frequency statistics. If multiple sampled blocks are not requested
sequentially and do not have frequency statistics, we prefer to keep
the ones that have been accessed more recently and evict the one
accessed least-recently.

4.4 Index scans
So far we have mainly discussed sequential access patterns. Sequen-
tial scans are the most e�cient way to read a large data-set when
most of the data is needed to answer a query, but secondary indexes
can greatly reduce I/O and CPU cost for workloads where this is
not the case. PostgreSQL supports various types of indexes, so we
also consider them to inform bu�er eviction decisions.

Index scans do not generally have a predictable order for ac-
cessing secondary storage, so they are not as easy to predict as
sequential scans. There are, however, situations where we can use
information from an index scan to help make eviction decisions.

4.4.1 Bitmap Index Scans. In PostgreSQL, any index can be scanned
as a bitmap scan. In this case, the system �rst reads only the index
and constructs a bitmap indicating which tuples might match the
query predicate. The table is then scanned in sequential order, using
the bitmap to skip blocks that do not contain any matching tuples.
Bitmap scans can be selected by the query planner for any type of
index, but certain index types can be used only with bitmap scans.
Most notably, PostgreSQL's block range indexes (BRIN) always
use bitmap scans. BRIN splits the table into ranges of blocks and
stores a summary of each range, which can be compared to the
query predicate to quickly rule out all tuples from a range. The
default form of BRIN is a min-max index, where the summaries
store the column's minimum and maximum value for each range

of blocks, and it also supports bloom �lter summaries and a few
other strategies for speci�c data types.

Bitmap scans are the best-case for index scans with predictive
bu�er management: the order is predictable and the set of blocks
to be retrieved is known early, after constructing the bitmap. It is
relatively easy to support bitmap scans in both sampling-based and
priority-queue based PBM as the only necessary change is how the
scan is initially registered. The PBM-sampling registration happens
after the scan operator constructs the bitmap, and the bitmap it-
self is used to determine which blocks will be scanned and when,
but the rest of the implementation is the same as for sequential
scans. Note that unlike [31], PostgreSQL's bitmap scans are more
general and apply to more types of indexes. In our implementation
of PBM-sampling in PostgreSQL, we take advantage of the simi-
larity between sequential and bitmap scans. Bitmap scans register
themselves much like sequential scans, except the bitmap is used to
determine which block will be accessed and should be registered.

4.4.2 Trailing Index Scans. Certain index types � such as B-tree
indexes � return their results in sorted order. Thus, two independent
index range scans with overlapping ranges will visit the tuples from
the shared part of the range in the same order. When there are
concurrent index range scans on the same relation, we can detect
the shared scan range and use information from one scan to know
what the next scan will access.

The way we detect a trailing index scan involves marking blocks
as they are accessed by the leading scan for the trailing scan to
detect when it reaches the same point. When an index scan accesses
a block, it records in the bu�er header the following: the current
time, which tuple from the block was accessed, and which index is
used. When another index scan reaches the same tuple, it checks
the mark to determine whether it is following another scan. If the
mark is for the same index and the same tuple, the scan knows it is
trailing the scan that left the mark and can calculate how far behind
it is based on the recorded timestamp. It then noti�es the leading
scan that it is trailing with a certain delay, and the leading scan will
also start marking blocks it accesses with the time it estimates the
trailing scan will also reach that block. Estimating next-access-times
will now use the estimate left by the leading scan if this estimate is
less than the access time suggested by other factors.

4.4.3 Almost-sequential Index Scans. Some columns in a table are
highly correlated with the physical order of the table. Such columns
are good candidates for BRIN indexes, but a B-Tree index can make
sense when the query optimizer also wants to sort by that column
e�ciently. Due to the correlation between the column order and
physical order, even an index scan on the column will access the
disk blocks in a mostly-sequential order. The PostgreSQL optimizer
already has statistics for how correlated an index scan will be with
the physical order, so when the correlation is high, we can treat
the index scan more like a sequential scan. Then we can estimate
when a speci�c scan will reach a speci�c block based on the scan's
current position and distance between the current and target block,
and how fast the scan is progressing. To implement this feature and
trailing index scans (Ÿ 4.4.2) in PostgreSQL, unlike sequential and
bitmap scans where the scan is registered with each block group,
these two kinds of scans are registered only once. Metadata and
statistics about the scans are stored in a hash map keyed by table
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ID with a list of active scans for each table. When a block is freshly
loaded into the bu�er cache, a reference to the list of relevant scans
is stored in the bu�er header to eliminate the need for hash look-ups
upon every access.

4.5 Comparing PBM-Sampling with PQ
To maximize performance, the bu�er management policy should
maximize the hit rate of block accesses while minimizing CPU
overhead. This includes minimizing the time to choose what to
evict, time to maintain metadata, and limit time holding locks so
that threads can allocate cache blocks concurrently without waiting
for each other.

Simplicity and E�ciency: An obvious advantage is the in-
creased simplicity and e�ciency that comes with our proposed pol-
icy � PBM-sampling removes the entire approximate priority queue
data structure along with the maintenance required to shift the buck-
ets periodically and ensure block groups are in the correct bucket
as blocks move in and out of the cache or their registered scan set
changes. In our PostgreSQL implementations, PBM-sampling has
about 600 fewer lines of code than PQ.

Freshness of access-time estimates: Our sampling-based ap-
proach computes next-access-time estimates as late as possible �
only when a block is being considered for immediate eviction, so
the estimates it uses are based on the most up-to-date information
available. In contrast, the PQ-based approach calculates estimates
only when the set of scans registered for a block changes poten-
tially causing the block to be moved to a di�erent bucket of the
approximate priority queue. If the initial estimated access times
were perfectly accurate this would not matter, but in practice the
scans will change speed over time depending on various run-time
factors. A block could remain in the cache for minutes at a time
without its position in the queue being recalculated, leaving plenty
of time for estimates to drift. Less accurate estimates lead to worse
eviction decisions and, by extension, worse performance.

Accuracy of access-time estimates: PQ considers blocks in
the same bucket as equivalent when deciding what to evict, with
buckets further in the future � which are checked �rst for potential
eviction candidates � representing exponentially larger time ranges.
PBM-Sampling compares the exact estimated next-access, and also
considers only a small sample of blocks for each eviction compared
to PQ that chooses among all blocks in the cache.

Extensibility: PQ is designed for workloads with mostly sequen-
tial scans, and the approximate priority queue makes it di�cult to
extend it to other workloads. With PBM-sampling, a complex data
structure is not required for ordering blocks, so it is much easier to
extend to support other workload types. Unlike with PQ, no extra
work is required to make use of improved access time estimates
using new sources of information.

Tunability: With PBM-sampling, the sample size can be changed
at run-time without interrupting the workload in any way. Caching
policies must compromise between CPU cost and hit rate, and
adjusting the sample size is an easy way to do so with intuitive
impact: more samples can increase the hit rate but can also increase
the per-eviction CPU cost, which is why having a practical value for
sample size matters. With PQ, the number of buckets in the queue
and the time ranges represented by each bucket are adjustable.

However, changing these parameters requires modifying the data
structure, including potentially recalculating access time estimates,
and it is not as obvious when more buckets or a di�erent time range
would be bene�cial. These adjustments improve the precision, but
do not help when estimates become stale.

Concurrency: PBM-sampling does not have a central data struc-
ture used for making eviction decisions, so evictions can be done in
parallel from multiple processes with low frequency of one thread
having to wait for another. PQ, on the other hand, prevents con-
current evictions, which could limit the scalability at high levels of
concurrency.

5 SIMULATION-BASED EVALUATION
Since it is non-trivial to implement multiple state-of-the-art cache
eviction policies in a real system like PostgreSQL, simulators are
popularly used to measure and compare the e�ectiveness of di�er-
ent policies [3, 16, 34]. A typical simulator takes an access trace and
a cache size as input and computes the number of cache hits and
misses, where the access trace is usually an ordered list of items.

PBM-sampling makes eviction decisions based on ongoing scans
in the database. However, since this information is not available
in existing simulators [34], we implemented a simulator in Python
which keeps track of the range and progress of ongoing scans. In our
simulator, we implemented PBM-sampling and PQ, as well as many
other well-established or state-of-the-art eviction policies: Clock,
LRU, LRU-K [25], 2Q [16], ARC [22], Hyperbolic [3], LeanEvict [19]
and WATT [34]. We also compare against the practically infeasible
optimal policy that has prior knowledge about future accesses. This
serves as a useful benchmark to see how close our approach is to
optimal performance.

Our simulator takes as input a cache size and trace of database
point read and scan operations. The trace speci�es the page accessed
by each read and the range of pages scanned by each scan. The
simulator simulates the cache behavior under di�erent policies and
returns the cache hit rate of each policy.

5.1 Workload Traces
We compare the caching policies on the following traces that are
represented visually in Figure 4:

� Redset: Redset is a dataset of query metadata taken from real
clusters in Amazon Redshift [33]. We derived two scan traces
from Redset, featuring diversity in number of tables, scan sizes,
and scan patterns. We call these traces Redset-A and Redset-B.
The Redset metadata contains table IDs, scan sizes, arrival times-
tamps, and query durations, but it omits the exact rows read
and each table's true size. We approximate a table's size using
the largest scan observed for that table, then choose a random
page range for every query trace (or simply query) based on its
scan size. Page accesses from queries that overlap in time are
interleaved, and each trace contains 200 consecutive queries
sampled from two independent database instances. Moreover,
a very small fraction of the queries are point accesses, so the
traces contain only scans. Because the traces are grounded in
real arrival times and table IDs, they are intended to evaluate
performance on real-world scan patterns.
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Figure 3: Hit rate di�erentials between our approach and other policies (columns) across di�erent workloads (rows) and ratios
of bu�er pool size to dataset size. Green regions indicate con�gurations where our approach achieves higher hit rate, and vice
versa for red regions.

� dynZipfRO: dynZipfRO [34] is an OLAP trace developed to
evaluate caching policies. It is a challenging trace for PBM-
sampling because 50% of the page reads come from point reads,
which follow a Zip�an distribution. Since all scan queries in
dynZipfRO occur serially (see the vertical white stripes in Fig-
ure 4c), we derived a more challenging variant of dynZipfRO
with concurrent scans (dynZipfRO-CS). The same set of point
reads and scans is used, but the pages read by the scans are
interleaved across up to 16 concurrent scans at a time.

(a) Redset-A

(b) Redset-B

(c) dynZipfRO

(d) dynZipfRO-CS

Figure 4: Page accesses over time for di�erent workloads.
Red and blue dots correspond to point reads, and scans, re-
spectively.

5.2 Hit Rate Comparison
Figure 3 presents the page hit rate di�erential for each workload and
ratio of cache (bu�er) size to dataset size, relative to our approach
with a sample size of 10 pages. As in [34], green regions indicate
bu�er size con�gurations where our approach achieves higher hit
rate than the competing policy, while red regions highlight cases
where competitors achieve better results.

Since Redset-A and Redset-B are scan-only workloads, we com-
pare them against PBM-sampling without frequency statistics, which
is our best-performing variation in these workloads. On the other
hand, because 50% of reads in dynZipfRO and dynZipfRO-CS come
from Zip�an point reads, PBM-sampling with frequency statistics
is better suited to tackle them (as we show in our system perfor-
mance experiments in Ÿ 6.6.2). For competitor algorithms, we use
suggested hyperparameter values from their respective papers if
available and otherwise tuned the hyperparameters and report the
best con�guration found.

Across all competitor algorithms and datasets, our approach con-
sistently achieves the best performance. Redset-A features many
concurrent scans with a mix of longer and very short scans. Be-
cause a majority of the scans are clustered within a third of the
database, all algorithms converge to a similar hit rate after the bu�er
pool is large enough to cache this working set. When the bu�er
pool is small, PBM-sampling utilizes its space far more e�ciently,
producing a much higher hit rate.

With Redset-B, we observe a lot of concurrent sequential scans
with fairly high selectivity, and PBM-sampling outperforms every
competitor by a considerable margin. Since scans in Redset-B access
the entire dataset, the hit rate improvements achieved from using
PBM-sampling continue even in con�gurations where the bu�er
pool size continues to increase.

In dynZipfRO, which does not contain any concurrent scans,
WATT comes close to PBM-sampling with frequency statistics.
PBM-sampling does not outperform ARC or WATT in the dynZipfRO
workload because of the lack of concurrent scans. However, this
changes in the dynZipfRO-CS setting where PBM-sampling with
frequency statistics not only outperforms the basic PBM-sampling
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approach, but also surpasses the performance of both WATT and
ARC in most con�gurations.

6 SYSTEM PERFORMANCE EVALUATION
This section presents the system evaluation of our sampling-based
predictive bu�er management techniques. We describe the eval-
uation methodology followed by presentation and discussion of
results. Note that our evaluation is the �rst comparison of predic-
tive bu�er management policies in, and against, an open source
system, PostgreSQL in particular.

6.1 Methodology
Experiments are run on an Ubuntu 20.04.4 LTS server with two
64-core AMD EPYC 7662 CPUs, 256 GiB of RAM, and a 1 TB Intel
DCP4511 SSD with an ext4 �le system. We use BenchBase [5] as a
workload generator for our experiments on PostgreSQL version 14.

Our experiments measure bu�er cache hit rate and the resulting
I/O volume savings for di�erent caching policies at di�erent lev-
els of parallelism or with di�erent amounts of memory available.
I/O volume savings isolates the bene�ts of our improved bu�er
cache management strategy, while hit rate provides a more com-
plete picture of the performance. Since I/O volume is the dominant
cost in database workloads, it is the widely accepted standard met-
ric to compare bu�er cache management/eviction policies [9, 31].
We also include run-time measurements to provide an end-to-end
performance comparison of the di�erent policies.

We compare our PBM-sampling technique implemented into
PostgreSQL with PostgreSQL's existing Clock-sweep strategy and
PQ con�gured in a variety of settings.

Hit Rate is measured using PostgreSQL's built-in statistics, au-
tomatically retrieved from thepg_statio_user_tables system
view by BenchBase. Unless stated otherwise, the available system
memory is limited using Linux cgroups. This prevents the OS from
caching the entire data set and e�ectively bypassing secondary
storage. Our empirically obtained default sample size of 10 blocks
was generally found to work well.

Each data point plotted is the average over 4 independent ex-
periment runs. The error bars represent 95% con�dence intervals
around the means.

6.2 Sequential Microbenchmarks
Our experimental evaluation, as in [31], microbenchmarks on a set
of queries from the TPC-H workload [1] followed by evaluation with
the benchmark as a whole. The microbenchmarking experiments
are to measure the performance impact of the bu�er management
strategy on sequential-scan and bitmap-scan heavy workloads.

These experiments are based on TPC-H at scale factor 50. At this
scale factor, thelineitem table is approximately 44 GiB, and the
dataset is around 63 GiB without indexes. For this experiment, the
lineitem table has min-max indexes on thel_shipdate column,
which is used as the �lter for queries, and the table is clustered
by greatest(l_receiptdate, l_commitdate). This clustering
causes thel_shipdate column to be correlated, but not completely
sorted, with the physical order so the min-max index can actually
be used e�ectively. The clustering imposes a more realistic physical
order than the random order generated by BenchBase's TPC-H

implementation. In a data-set, the date columns would correspond
with when the row is created or last updated that in turn deter-
mines the physical order. The workload runs several parallel query
streams, each executing a set number of queries. To isolate the
impact on a workload with only sequential and bitmap scans, as in
[31], TPC-H aggregation-intensive queries Q1 and Q6 are used as
microbenchmarks, e.g., Q1 computes eight aggregates. Each query
uses a di�erent randomly selected range of l_shipdate.

For this experiment the number of concurrent query streams
varies from 8 to 64, with 16 queries per stream each scanning tables
to measure how the di�erent bu�er cache management strategies
scale with parallelism. PostgreSQL is con�gured with 16 GiB of
cache memory (approximately 30% of the data size), with available
system memory limited to 22 GiB to prevent the OS from caching
the whole data set.

Figure 5 shows the results, with PBM-sampling using 10 sam-
ples and no bulk eviction. For all parallelism levels, PBM-sampling
delivers signi�cant I/O reductions. At parallelism level 32, the I/O
reduction is large � about 750 GiB over PQ, which is about 35%
lower, and at parallelism level 64 PBM-sampling saves 27% I/O vol-
ume over PQ. This I/O reduction is driven by higher hit rates and
reduced workload completion time. Figure 5c depicts the run-time
results, which show a similar trend to I/O volume. This trend is
expected since I/O volume is the dominant cost factor in a typical
out-of-memory database workload.

(a) Hit Rate (b) I/O Volume (c) Run-time

Figure 5: Sequential Microbenchmarks � Parallelism

PBM-sampling performs better than PQ in this experiment � PQ
is more sensitive to changes in the workload and parameters, such
as block group size, than other policies.

6.2.1 Comparing Di�erent Bu�er Cache Sizes. This experiment
runs 32 query streams with 16 queries per stream, and each query
scans 10% of the table. Here, the cache size is varied from 12 GiB to
44 GiB, with cgroups limiting the available system memory to the
cache size plus 10�20%.2

Figure 6 shows the results when varying the cache size. All
policies perform better with a larger cache, with the I/O volume
2The cache size includes only bu�er contents, but each bu�er additionally has a
metadata header. With a larger cache, PostgreSQL needs a bit of extra space for the
bu�er headers.
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(a) Hit Rate (b) I/O Volume (c) Run-time

Figure 6: Sequential Microbenchmarks � Cache Size

closely matching„1 � hit rate” since each di�erent cache size still
accesses the same data. PBM-sampling outperforms PQ and Clock-
sweep, with a 30% to 40% reduction in I/O volume over each when
cache size is 12 GiB. As the cache size increases, the associated I/O
bene�ts decrease as more of the data can �t into the bu�er pool, and
all policies converge to similar hit rate, I/O volume, and run-time
values as expected.

6.2.2 Impact of PBM-sampling Parameters. We run an experiment
to compare the impact of sample size and bulk eviction on the
performance of PBM-sampling at di�erent levels of parallelism.
Note that PBM-sampling with a sample size of 1 is essentially a
random eviction policy since the algorithm has to evict the only
sampled page.

Figures 7a to 7c show the e�ect of sample size on the performance
of PBM-sampling while varying the number of query streams on
hit rate, I/O volume, and run-time, respectively.

As expected, larger sample sizes result in higher hit rate, and
therefore reduced I/O volume, which directly reduces the run-time.
Interestingly, the diminishing returns of signi�cantly increasing the
sample size is demonstrated � increasing from 20 to 100 samples
o�ers a small improvement to hit rate, signi�cantly less than the
improvement from 1 or 2 to 10 samples. In contrast to the small
improvements at large sample sizes, even just 2 samples provides a
signi�cant bene�t over random selection.

Figure 7d shows the impact of bulk eviction described in Ÿ 4.1 on
the hit rate of PBM-sampling. We compare choosing 100 samples
and evicting 10 of them to a few di�erent sample sizes with single
eviction. Evicting 10 of 100 samples considers the same average
number of samples as a sample size of 10 with single-eviction, but
our measurements show it performing similarly to a sample size
of 100 on this workload. This shows a de�nite advantage to bulk
eviction, achieving better hit rate without increasing the average
number of samples, which is the main factor determining the CPU
overhead of sampling.

6.3 Trailing Index Scan Microbenchmarks
These experiments aim to test the scenario where multiple queries
are scanning the same B-tree index concurrently, and thus will
access the same blocks in the same order, as described in Ÿ 4.4.2.

(a) Hit Rate (b) I/O Volume (c) Run-time

(d) E�ect of Bulk Evic-
tion on Hit Rate

Figure 7: Sequential Microbenchmarks � Parallelism vs Hit
Rate with di�erent PBM-sampling con�gurations

Here each query is an index scan onlineitem with a �lter on
the l_suppkey column, which is not correlated with the physical
order. Each query scans a randomly selected 1% range, chosen from
a �xed 5% of the values of the column. Since the column is not
correlated with the physical order, this 5% range covers nearly all
the physical blocks and scanning 1% of the table can access up to
half the blocks in the table per query.

Similar to the previous microbenchmarks, the database uses 16
GiB of cache with 22 GiB of available system memory. Each query
stream executes 6 queries and the number of parallel query streams
ranges from 8 to 64.

Figure 8 shows the resulting hit rate and I/O volume. PQ performs
slightly better than Clock-sweep, with PBM-sampling doing better
than both of them. PBM-sampling reduces I/O volume by about
16% over PQ and roughly 15% over Clock-sweep with 32 query
streams, which translate substantially to about 320 GiB and 270
GiB of I/O savings, respectively. We would like to point out that
even at a conservative estimate of memory being 10� faster than
an SSD, these di�erences in I/O volumes being read from memory
instead of from disk amounts to signi�cant time savings, as shown
in Figure 8c, in which di�erent PBM-sampling variants demonstrate
consistently shorter run-times.

Comparing PBM-sampling with extra features, adding frequency
statistics slightly reduces the I/O volume of PBM-sampling further
at most levels of parallelism. Since this experiment touches only
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(a) Hit Rate (b) I/O Volume (c) Run-time

Figure 8: Trailing Index Scan Results

5% of the rows � but nearly all the actual blocks � the frequency
statistics identify the blocks that contain more relevant rows than
other blocks and prioritize keeping those ones in the bu�er cache,
which explains the bene�ts attained.

6.4 Sequential Index Scan Microbenchmarks
This set of experiments targets the case where the index order is
highly correlated with the physical order. The setup here is as in
Ÿ 6.2, except with B-Tree indexes instead of BRIN. The queries �lter
by l_shipdate, which is correlated with the physical order of the
table.

Figure 9 shows the results for these experiments. For lower levels
of parallelism, PostgreSQL's Clock-sweep algorithm performs well
for this workload followed closely by PQ and PBM-sampling with
frequency statistics which almost catches up at 32 query streams.
Compared to PQ, however, PBM-sampling with frequency statistics
reduces I/O volume by 56% at 64 query streams. Since this work-
load has no sequential scans, the frequency statistics are the only
information used by PBM-sampling to make eviction decisions. It
is expected that frequency statistics would perform well here. Each
block contains data mostly from a small range rather than uni-
formly distributed over the whole dataset, so block-level accesses
will be skewed in a way that is easily picked up by tracking recent
accesses.

The PBM-sampling strategies without any support for index
scans predictably do signi�cantly worse, with PQ performing better
than PBM-sampling without frequency statistics. Note that using
sampling without frequency statistics is essentially a purely ran-
dom policy, since it has no information to aid its decisions on this
workload. As a result of this randomness, the con�dence intervals
in Figure 9 for PBM-sampling and PQ are relatively large in high
parallelism. The PostgreSQL implementation of PQ behaves similar
to FIFO when it has no information about sequential scans, which
is why it does not do as poorly on this workload as a random policy.

6.5 Mixed Benchmark Workload
We conduct experiments using the TPC-H benchmark to test a
mixed workload. These experiments run TPC-H queries 1 through
16 once each in a random order in each query stream. (TPC-H has

(a) Hit Rate (b) I/O Volume (c) Run-time

Figure 9: Sequential Index Scan Results

22 queries, but the query plans chosen by PostgreSQL for a few of
the later queries result in them taking orders of magnitude longer to
run than the other queries. Thus those queries are omitted to keep
the experiments' runs feasible and to avoid having only one access
pattern dominate the workload.) For these experiments,lineitem
is still clustered based on the date columns andorders is clustered
base ono_orderdate, while the clustering for the other smaller ta-
bles is unchanged from the insertion order. A workload mix of BRIN
and B-Tree indexes is used. B-Tree indexes are kept for primary
keys and on thepartsupp table with BRIN on other columns, using
min-max indexes for columns used in query predicates that have
some correlation with the physical order, and bloom indexes on
columns that are used in equality conditions but are not correlated
with the physical order. The bu�er cache size is 16 GiB. For this
workload, we disable cgroups so that the pages are served from OS
cache purely to reduce the running time of the experiments. This
has almost no e�ect on the �nal results since the hit rate and I/O
volume are calculated using PostgreSQL's statistics which does not
di�erentiate between a missed block served from the OS cache or
secondary storage.

(a) Hit Rate (b) I/O volume

Figure 10: Mixed Workload Results
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Figure 10 shows results comparing di�erent caching policies at
di�erent levels of parallelism. With frequency-based estimates in-
cluded, PBM-sampling is able to exceed the Clock-sweep approach
at high parallelism, with 11% lower I/O volume at 64 parallelism that
amounts to I/O savings of 1.54 TB. PBM-sampling with frequency
statistics also achieves 12% and 6% lower I/O volume compared to
PQ and PBM-sampling without frequency statistics, respectively.
Without any extra features, PBM-sampling outperforms PQ and
Clock-sweep signi�cantly, although the di�erence shrinks at high
parallelism. At 32 parallelism level, PBM-sampling incurs 1.2 TB
and 0.8 TB less I/O volume than Clock-sweep and PQ, respectively.

6.6 Point Query Microbenchmarks
In Ÿ 6.2, we showed that PBM-sampling signi�cantly reduces I/O
volume in workloads composed entirely of sequential scans. To
evaluate its robustness to more mixed workloads, we now introduce
point queries, which can be adversarial to PBM's scan-optimized
strategies. We use the YCSB benchmark [4] with a scale factor of
40,000 (resulting in a 44 GiB table), a 16 GiB bu�er cache, and 32
concurrent threads. Sequential scans are performed on an added
seqscan_key column with only a BRIN index so as to ensure that
the query optimizer forces sequential scans for queries on this
column, and point reads are performed in the same way as the
standard YCSB benchmark.

6.6.1 �ery-Based Microbenchmarks. We use a workload consist-
ing solely of point reads using a B-Tree index lookup on the primary
key, and incrementally introduce sequential scan queries. Point
reads follow either a uniform or Zip�an distribution with skew
factors of 0.75 and 0.99. To avoid clustering hot keys on the same
pages, the Zip�an keys are scrambled. Sequential scans start at
uniformly random positions and select between 4% and 6% of the
table, averaging 5% selectivity.

(a) Uniform pt. queries (b) Zip�an pt. queries (0.75) (c) Zip�an pt. queries (0.99)

Figure 11: Point Query Microbenchmarks � Hit Rate

Figure 11 shows the hit rate across di�erent numbers of sequen-
tial scans per million queries. In the absence of scans (i.e., zero on
the x-axis), workloads with Zip�an-distributed point reads achieve
higher hit rates than those with uniform point reads, regardless of
the eviction policy. This is expected, as skewed workloads repeat-
edly access a small set of hot pages that remain in the bu�er pool.

In the uniform point read case (Figure 11a), all algorithms perform
similarly, with a hit rate of approximately 0.35 � roughly the ratio of
bu�er pool size to dataset size, as expected, since no eviction policy
can perform well in a purely random access workload. In contrast,
Figures 11b and 11c show that PBM-sampling with frequency sta-
tistics outperforms Clock, while PBM-sampling without frequency
statistics and PQ perform poorly due to the absence of sequential
scans. When sequential scans are introduced, PBM-sampling's hit
rate improves in the uniform point read case (Figure 11a). This is
because the scans reduce workload randomness, and PBM-sampling
prioritizes pages that will be accessed by scans. With 8 sequential
scans per million queries, PBM-sampling reduces I/O volume by
approximately 190 GiB (12.5%) and run-time by 6 minutes (19%).

In Zip�an workloads (Figures 11b and 11c), however, introducing
sequential scans causes a drop in hit rate. We attribute this to an
expansion of the working set. In uniformly distributed point reads,
the working set already spans the entire dataset, so adding struc-
tured access patterns, i.e., scans, improves performance when the
eviction policy can exploit their predictability. In contrast, Zip�an-
distributed point reads concentrate access on a small set of hot
pages. In this case, introducing scans increases the number of dis-
tinct pages accessed, enlarging the working set and reducing cache
e�ciency. When the skew is moderate (Figure 11b), the bene�t of
scans can o�set the working set expansion. For example, with 8
scans per million queries and a skew of 0.75, PBM-sampling re-
duces I/O volume by approximately 200 GiB (15%) and run-time
by 6 minutes (19%). However, when the skew is high (Figure 11c),
the initial hit rate is already high due to the small working set.
Adding scans in this case degrades performance, as the working set
expands without giving enough bene�t.

6.6.2 Read-Based Microbenchmarks. Sequential scans with 5% se-
lectivity access signi�cantly more pages than point queries. In our
experiments, each scan touches approximately 285,000 8 KiB heap
pages. Using this, we control the ratio of page reads from scans
versus point queries by adjusting their counts. For instance, two se-
quential scans and 285,000 point queries result in a workload where
approximately 67% of page reads are from scans. Figure 12 shows
the hit rate as the proportion of scan-based page reads increases.
We omit uniformly random point queries from this experiment, as
no eviction policy performs well in such workloads.

PBM-sampling begins to outperform other algorithms when 60�
70% of page reads originate from sequential scans. This threshold
is easily met in OLAP workloads, such as those represented by the
Redshift traces [33]. When point reads dominate (i.e., for smaller
x-axis values), PBM-sampling with frequency statistics achieves
the highest hit rate. The performance gap between PBM-sampling
with frequency statistics and Clock is larger for moderate skew
(Figure 12a) than for high skew (Figure 12b), consistent with trends
in Figures 11b and 11c.

7 RELATED WORK
There has been little progress in the area of predictive bu�er man-
agement aside from [31] that we discussed in detail in Section 4.5.
Thus, we discuss other predictive approaches next.
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(a) Zip�an pt. queries (0.75) (b) Zip�an pt. queries (0.99)

Figure 12: Read-Based Point Query Microbenchmarks � Hit
Rate

7.1 Predictive Caching Approaches
Cache eviction is used in many di�erent contexts and considera-
tions, so there have been many domain-speci�c caching strategies
inspired by MIN . For hardware CPU caches, Hawkeye is a cache
replacement strategy which simulates MIN on past accesses to iden-
tify which load instructions tend to be cache friendly [12]. Other
work that expands on this approach is Mockingjay that uses a
multi-class predictor instead of binary classi�cation [28], and Har-
mony that is based on a modi�ed version of MIN that considers
prefetching [13]. Other strategies track or estimate time-to-reuse of
hardware cache lines to inform eviction strategies [17, 35]. Famaey
et al. predict future access distributions of web content to cache
most frequently accessed items [7]. Yang and Zhang build a model
of user sessions to predict access probabilities of content based on
the current sessions to inform caching decisions [36]. Song et al.
use machine learning to estimate access times to choose what to
evict for content distribution networks [30]. Content distribution
caches can a�ord a higher CPU cost since the cache items are much
larger and the latency penalty of a cache miss is higher, unlike
databases that have more information about near-future accesses.

7.2 Database Bu�er Cache Management
Historically, databases used very simple heuristic strategies for
bu�er cache replacement such as LRU, LFU, FIFO, Clock, LRD, or
some variant of one of these strategies [6, 8, 11, 29]. Such strategies
are still commonly used as they are simple to implement with low
CPU overhead, and tend to be e�ective for common database access
patterns. Some more recent work on database cache management
focuses on adapting the bu�er cache to work well with other new
technologies and advancements [32], such as LSM-tree compaction
leading to cache invalidation and extra avoidable storage access.
Several works try to adapt existing heuristic approaches to perform
better on �ash drives, taking into account the distinct characteristics
of solid-state storage and in particular the increased cost of writes
compared to reads [10, 14, 15, 21, 26]. Other works reorder accesses
in long-running scans to improve cache usage [37].

In addition to traditional bu�er cache replacement policies that
use simple heuristics, more complex procedures have been proposed

over the years. LRU-K [25] is a simple modi�cation of LRU, ignoring
the most recent � 1 accesses with LRU-2 being the more widely
used variation. LRFU [18] combines recency and frequency to make
eviction decisions. 2Q [16] utilizes a combination of FIFO and LRU
queues. Adaptive Replacement Cache (ARC) [22] also uses two
lists and adapts to the workload. Hyperbolic caching [3] relies on
sampling and a value function for web caches but it is not used for
predictive bu�er management. Write-Aware Timestamp Tracking
(WATT) [34] tracks the access history of every page and is optimized
for modern hardware. While WATT considers the cost of writing
back dirty pages, PBM's focus of OLAP workloads means that only
the read-tracking aspects of WATT are relevant to our work.

Some systems leverage �ash-based storage to process in-memory
workloads. For example, building on LeanStore [20], Umbra [24]
uses variable-sized pages to �exibly access disk-based data in mem-
ory while optimizing for worst-case joins. Such system designs
are complementary to predictive bu�er management techniques
including PBM-sampling.

There have been various proposals such as creating dynamic
shared memory bu�ers in PostgreSQL [23] for multiple servers to
share bu�ers, much like shared memory multiprocessors operate.
These proposals, while not being mainstream PostgreSQL features,
are orthogonal to the techniques proposed in this paper.

8 CONCLUSION
This work introduced sampling-based predictive bu�er manage-
ment, with an openly available implementation in PostgreSQL. Our
PBM-sampling bu�er management policy tracks statistics about
active queries to estimate future accesses, and uses this information
to mimic the optimal bu�er cache replacement algorithm [2].

Using sampling for PBM provides several advantages over the
prior PQ policy, a previous predictive approach that uses a central-
ized data structure to track access time estimates and make caching
decisions. The sampling-based approach is simpler, can be extended
and tuned more easily, and generally achieves better results due
to an improved strategy for selecting the best eviction candidate
based on the statistics.

Sampling-based PBM performs well on sequential workloads,
exceeding the performance of both the prior predictive approach
and PostgreSQL's existing Clock-sweep strategy by a signi�cant
margin. Similar performance gains are observed over state-of-the-
art bu�er replacement policies on workload traces derived from real-
world scans. On a mixed analytic workload with both sequential and
index scans, extending PBM-sampling to use frequency statistics
allows it to perform well, outperforming the prior approach and
matching the performance of the existing Clock-sweep approach.

Overall, PBM-sampling is ideal for highly sequential workloads
while still being competitive for analytic workloads with a mix of
sequential and index access.
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