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Abstract
The traditional memory management problem maximizes ap-

plication performance when constrained by a fixed-size mem-

ory. Today’s data centers face a different problem: their goal is

to maximize the number of jobs on a server without violating

performance Service Level Objectives (SLOs). Since a key

constraint for placing additional jobs is memory, data center

systems proactively reclaim memory from running jobs to

create space for new jobs. This difference fundamentally flips

the optimization problem that memory management policies

need to address.

Designing practical policies requires a set of tools: 1) an

optimal policy that provides a bound on what any policy

can achieve, 2) metrics to compare policies, and 3) efficient

techniques for evaluating potential policies. However, we find

that foundational tools from the traditional setting, such as the

optimal policy OPT, Miss Ratio Curves (MRCs), and efficient

ways to generate MRCs, do not apply in this new setting. The

data center setting demands a new set of tools.

We present the Memory Designer’s Kit, MDK, a framework

for designing and evaluating data center memory management

policies. MDK includes an offline provably optimal policy;

Memory Performance Curves (MPCs), which show how mem-

ory savings vary when constrained by performance; and an

efficient technique that is up to 208× faster than simulation

for producing MPCs. We demonstrate MDK’s utility by devel-

oping three data center policies that improve average memory

savings by up to 10% relative to a state-of-the-art policy.

1 Introduction

Memory management, especially policies for effective evic-

tion of pages from caches, has long been a cornerstone of

operating systems [4, 8, 9, 15, 19, 32, 33, 35, 47, 48]. These

policies focus on managing the memory of a single com-

puter (node) and can be framed as an optimization problem

with the goal of maximizing application performance while

constrained by the node’s limited memory capacity. Page re-

placement policies, such as LRU, evict pages in reaction to

memory pressure (i.e., when the memory is full and new pages

need to be allocated). In this setting, application performance

is tracked using a performance proxy, the cache miss rate,

which is defined as the ratio of the number of cache misses

to the total number of memory accesses, measured over the

application’s lifetime. Replacement policies minimize the

miss ratio under the assumption that doing so will maximize

application performance.

Optimizing memory usage in data centers has become

increasingly important, due to the high cost of DRAM [14,21,

34, 38, 45, 63]. In a data center, each server operates as part

of a cluster, and jobs can be placed on or migrated between

servers. The goal is to run as many jobs as possible on each

server, while satisfying application performance targets [5, 6].

Maximizing server utilization allows data center operators

to reduce their total cost of ownership (TCO). Data center

operators deploy reclamation policies that proactively evict

cold pages from memory before facing memory pressure, in

order to reduce DRAM usage and make space for scheduling

additional jobs. Evicted pages are either demoted to a cheaper

byte-addressable memory tier over CXL [1], or swapped to

disks [66] or to compressed memory [37].

Like traditional reactive replacement policies, proactive

data center reclamation policies track performance using per-

formance proxies; the main differences are how the proxies

are measured and the choice of specific metrics. A replace-

ment policy measures the overall miss ratio across an appli-

cation’s lifetime, whereas a reclamation policy measures a

performance proxy in discrete time windows. This windowed

approach is better aligned with data center application per-

formance SLOs, which are enforced in a statistical manner

over time intervals. Reclamation performance proxy metrics

are defined at the OS level to provide consistency across the

diverse set of data center workloads. Some modern examples

of performance proxy metrics used for reclamation include

Google’s promotion rate, defined as the ratio of faulting pages

to the number of unique pages accessed within a time inter-

val [37], and Meta’s Pressure Stall Information (PSI), defined

as the percentage of compute potential that is unproductive
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over a time window due to resource stalls [66].

These differences in the data center environment create a

new optimization problem that flips the traditional goal and

constraint: the goal is to maximize memory savings whenever

an application can relinquish memory to allow more jobs to

be run, and the constraint is to maintain target performance

proxies over all time windows to comply with application

SLOs. We focus on maximizing average memory savings,

subject to a target promotion rate; we discuss the broader

problem space in §2.

Designing a new policy requires several tools, as shown in

Figure 1. Traditional replacement policy development bene-

fits from an established set of tools, developed over decades.

The optimal policy OPT [47] is used to understand policy

performance headroom, the best any policy can perform. Poli-

cies are compared using Miss Ratio Curves (MRCs) [47],

which plot the miss ratio as a function of cache size. Numer-

ous algorithms have been developed to efficiently generate

MRCs (e.g., [47,57,64]) based on the inclusion property [47],

which makes it possible to calculate miss ratios for multiple

cache sizes in a single iteration over a trace. Unfortunately,

these well-established tools for evaluating replacement poli-

cies do not apply to the data center reclamation problem. As

we demonstrate in §2, OPT [47], the well-known optimal

policy that minimizes miss ratio, violates time-window per-

formance proxy targets, making it non-optimal for the data

center reclamation problem. Further, since the data center

reclamation problem formulation flips the optimization goal

and constraint, and uses a diverse set of metrics [6, 37, 62, 66]

other than the miss ratio, MRCs and their generation tech-

niques are not applicable.

We present the Memory Designer’s Kit, MDK, an offline

framework for designing new data center reclamation poli-

cies. MDK consists of four components: 1) the Memory

Performance Curve (MPC): the data center equivalent of

conventional MRCs, which plots a memory optimization goal

(e.g., average memory savings) as a function of a perfor-

mance proxy (e.g., promotion rate). 2) the Optimal Perfor-

mance Proxy (OPP) policy: an offline, provably optimal

policy for maximizing average memory savings subject to a

performance proxy, the promotion rate constraint. It can be

generalized to maximizing average memory savings subject

to any performance constraint that is computable on a trace

of accesses. 3) theoretical properties: properties that relate

a reclamation policy’s performance proxy and memory sav-

ings as a function of different policy settings. Analogous to

the inclusion property in the traditional setting, these proper-

ties, eviction decisions and eviction times, make it possible

to efficiently calculate MPCs. 4) an efficient MPC genera-

tion framework: a method that lets us efficiently generate

MPCs for multiple performance proxy values in a single pass.

MDK’s MPC generation is linear in time complexity, 12.5×
to 208× faster than our simulator depending on the number

of page access events in a trace.

Figure 1: Typical workflow for designing new replacement

and reclamation policies. MDK contributions are required for

multiple reclamation policy development steps (blue squares).

We demonstrate how MDK can be used to analyze and

develop policies for the data center reclamation problem.

First, we examine the age-based reclamation policy (AGE,

an approximation of the working set policy [17]) used in g-

swap [37] and evaluate its effectiveness in the data center

setting. We compare it to MDK’s optimal policy, OPP, using

MPCs and show that a significant gap exists between the two,

indicating substantial room for improvement.

Second, we use MDK to develop three policies. Two are

history-based heuristics: the single-parameter Prior Age with

Wait (PAW) and the two-parameter Prior Age and Current

Elapsed (PACE). The third is a learned policy that imitates

OPP. Our heuristic policies reclaim a page as soon as it’s

accessed rather than waiting for the page to cool off (as done

in AGE). Using MDK, we analyze the performance of these

policies, compared to AGE, on offline traces. PAW, PACE,

and AGE have tunable parameters dependent on trace charac-

teristics. We measure their maximum potential performance

achieved by tuning their parameters using complete evaluation

trace information. PAW generates slightly better average mem-

ory savings than AGE at lower promotion rates for workloads

that exhibit repeating access patterns (four out of eight bench-

marks). We validate PAW’s performance by implementing it

on Linux and confirm that PAW achieves 4% higher memory

savings than AGE for a graph processing workload without

any performance loss. However, for workloads without any

repeating patterns, AGE performs significantly better. Given

a representative trace, our second policy PACE performs as

well as AGE for any workload by design, and improves perfor-

mance by 10% for a subset of workloads. Evaluating policy

tuning in MDK with training and testing phases, or tuning the

policies online, are valuable topics of future research.

MDK is generalizable beyond the problem we study in this

paper. We selected two metrics out of a set of many possible

metrics used in data centers [20,39, 66,75]. MDK is designed

to support different memory saving targets and performance

proxies, and we describe the additional work required to ap-

ply MDK to an even broader context. The rest of the paper is

organized as follows: First, we discuss the requirements for

data center memory reclamation and motivate the new prob-

lem formulation (§2). Then we introduce MDK, a toolkit for

evaluating policies under the new problem formulation (§3)
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Figure 2: Data center system architecture. Reclamation poli-

cies run on individual nodes and proactively reclaim applica-

tion memory and swap it to disk or compressed memory.

and discuss our implementation (§4). We outline our evalua-

tion methodology and demonstrate the design workflow for

developing new policies using MDK (§5). Finally, we review

related work (§6) and conclude (§7).

2 Data center memory reclamation

We begin by describing the architecture of existing data center

reclamation systems, the selection of memory savings targets,

and performance constraint metrics in existing systems. We

then identify the requirements and intuition for what consti-

tutes a good metric. Finally, we motivate why designing new

reclamation policies demands new tools, illustrating this with

specific metrics. Because the space of reasonable metrics is

vast, we focus our discussion on the metrics used throughout

the rest of the paper, mentioning others as areas for further

research.

2.1 Data center reclamation architecture

Data center operators use memory reclamation policies to re-

duce applications’ memory usage, so they can run more jobs

on servers, thus maximizing server utilization and minimizing

TCO [37, 39, 66]. Figure 2 shows a typical data center ar-

chitecture, which includes a complex ecosystem of feedback

loops that operate across multiple timescales and influence the

design of memory reclamation. Cluster schedulers manage

and place jobs on nodes [62] and periodically track resource

usage to predict future demands and place new jobs [6, 54].

Memory reclamation policies, operating on individual

nodes, decide when to reclaim pages, which pages to reclaim,

and how many to reclaim. They proactively free up DRAM by

moving cold application data to slower and cheaper storage,

such as compressed memory [37], and SSDs [66]. Recent

systems [20, 39, 43, 75] also use byte-addressable CXL [1]

memory pools to store cold data.
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Figure 3: Promotion rate versus tail latency for Cassandra

running YCSB. Promotion rate increases as tail latency across

windows increases.

Reclamation policies use a proactive operating mode in

which they reclaim memory alongside application execution,

using a tuner that determines how many pages to reclaim.

The tuner determines the number of pages to reclaim based

on the observed performance degradation of the application.

It measures performance degradation in discrete time win-

dows over seconds or minutes, which allows the system to

maximize memory savings while satisfying application SLOs.

Applications evaluate their SLOs (e.g., query rate or tail la-

tency) over discrete periods, not over their entire execution;

therefore, satisfying application SLOs requires that a system

promptly measure, report, and respond to degradation. For

instance, TMO’s Senpai [66] measures the performance for

ten-second windows, while g-swap [37] measures two-minute

windows. If performance suffers, the system reclaims mem-

ory less aggressively; if performance is acceptable, it reclaims

memory more aggressively.

A policy’s control parameter determines if a page should

be reclaimed. For example, g-swap [37] uses page age, re-

claiming every page that is unused after a time T, while TMO

uses a page’s position in LRU ordering to determine which

pages to reclaim.

Although the reclamation system design dictates the over-

all optimization problem, system designers must still decide

meaningful ways to measure performance degradation and

memory savings.

2.2 SLO-aligned performance proxy metrics

Systems track application performance degradation using

performance proxies that the operating system (not the ap-

plication) can easily evaluate. This is analogous to what sys-

tems have historically done, i.e., identify the page to evict

by minimizing the number of page faults. In either setting, a

performance proxy should: 1) be easy for the OS to monitor

(despite hardware heterogeneity), 2) be meaningful for the

diverse application mix hosted in the data center, and 3) cor-

relate with application performance metrics commonly used

in data centers.

USENIX Association 20th USENIX Symposium on Operating Systems Design and Implementation    169



Traditional performance proxy metrics such as cache miss

rate and page fault rate are not a good match for data cen-

ters. Cache miss rate (defined as total misses divided by total

accesses) cannot be accurately measured in the data center.

Miss rate can be computed in the OS as the number of page

faults divided by the number of page accesses, which requires

observing every page access, but typical OS telemetry doesn’t

provide exact counts of repeated accesses to pages already

in memory. Page fault rate (the total number of page faults

normalized by time) is used by earlier work [15, 55], since

it can be easily measured by the OS. However, as shown by

TMO [66], page fault rate isn’t a good data center metric:

it doesn’t account for hardware heterogeneity, and it fails to

account for the total number of application memory accesses

in a time interval.

Because traditional proxies lack applicability, reclamation

system designers have developed their own. g-swap [37] uses

the promotion rate per time window, which Google’s deploy-

ment defines as the number of non-compulsory page faults

normalized by the number of unique pages accessed in that

window [37]. g-swap monitors this metric every two minutes

and ensures it does not exceed a threshold [37]. This metric

proves especially effective if page faults have a relatively uni-

form cost; we found that it tracks application performance

well. Figure 3 illustrates that as Cassandra’s (described in

§5) tail latency increases, it also leads to a higher promotion

rate. Additionally, checking page table entry (PTE) access

bits reliably measures the number of unique pages accessed

across different hardware platforms without introducing CPU

caching or security concerns.

TMO uses Pressure Stall Information (PSI) [66]. PSI mea-

sures the time tasks spend waiting for page faults, thus mea-

suring the impact of each page fault. Page faults have different

performance costs on hardware with different performance

characteristics (e.g., compressed memory or SSD); promotion

rate might not capture this difference. PSI addresses this mem-

ory tier heterogeneity and provides a more direct indication of

performance degradation due to memory contention; however,

because PSI is a function of system load, it is harder to use in

offline settings over memory access traces.

Recent byte-addressable systems use still other prox-

ies [20, 46] such as Secondary Tier Access Ratio (STAR).

STAR calculates the total accesses directed to a secondary

tier (e.g., CXL memory) relative to the total number of ac-

cesses. STAR is a good match for byte-addressable memory

because data can be accessed directly without promotion. Ul-

timately, the system architecture and hardware heterogeneity

determine the proxy choice.

2.3 Memory savings optimization targets

Optimizing for a memory savings target should enable run-

ning more jobs on a node, which decouples memory reclama-

tion and cluster scheduling. Higher level feedback loops guide

the design of the memory savings target: a cluster scheduler

can leverage memory savings only if those savings last long

enough to allow newly scheduled applications to amortize the

overhead of job placement. For example, Google data centers

use a threshold of at least five minutes [54].

In addition to increasing overall efficiency, optimization

targets might encode other goals such as minimizing page

migration traffic between memory tiers. For example, if a

page is reclaimed and migrated to a slower memory tier and

then accessed again a short time later, it produces unnecessary

page migrations, which harm application performance.

An effective metric must therefore lead to meaningful sav-

ings that increase utilization, while satisfying other goals such

as keeping page migration activity low. TMO and g-swap

maximize the average memory savings of an application over

time. Another metric worth exploring is tail memory usage,

which measures the 95th%ile (or higher) memory usage of a

node (i.e., machine memory capacity minus memory savings)

and can serve as an effective indicator of future peak memory

usage [6], which is helpful for capacity planning [12].

2.4 The data center reclamation problem

The data center reclamation problem space offers many possi-

ble optimization problems, defined by the choice of memory

savings metric and performance proxy. Having determined

the desirable characteristics of these metrics, we focus on one

specific problem formulation to understand how to design

reclamation policies and to demonstrate the use of MDK.

We adopt average memory savings as the memory savings

target, as is currently done in several existing systems [37,66].

We adopt g-swap’s promotion rate per time window as the

performance proxy. We choose promotion rate because it’s

easier to compute on offline traces than PSI, making it a

practical choice for understanding how to design reclamation

policies.

The specific problem we explore is: maximize average

memory savings subject to the constraint that the promo-

tion rate (measured every time window Tproxy) does not

exceed a specified threshold (the target promotion rate).

Here, Tproxy defines the time scale for monitoring and reacting

to performance violations.

2.5 The need for a new design toolkit

Unfortunately, foundational tools designed for replacement

policy design workflow shown in Figure 1, don’t translate

directly to the reclamation problem.

First, policies deemed optimal for the traditional problem

are suboptimal for data center reclamation. Consider Matt-

son’s OPT [47], the optimal policy for minimizing miss ratio

for a cache of a fixed size M, and VMIN [50], the optimal

policy for minimizing miss ratio in a variably-sized cache

of average size M. OPT evicts the resident page that will be

170    20th USENIX Symposium on Operating Systems Design and Implementation USENIX Association



USENIX Association 20th USENIX Symposium on Operating Systems Design and Implementation    171



T Pages accessed
Pages cached Pages evicted

OPT VMIN OPP OPT VMIN OPP

1 a,b,c a,b,c a,b,c a,b,c a,b a,c

2 d,e,f d,e,f c,d,e,f b,d,e,f a,b,c e e

3 d d,e,f c,d,f b,d,f d d

4 c,f c,e,f c,f b,c,f d c,f c,f

5 a,b a,b,c a,b a,b

Table 1: Non-optimality of OPT and VMIN. Both OPT (cache

size 3) and VMIN (forward reuse distance 3) evict pages that

violate future promotion rates. Page promotions for previously

accessed pages, i.e., page faults, appear in red. A violation of

the target promotion rate occurs in a period where the ratio of

page faults to accesses is greater than 50%.

3.2.1 Non-optimality: an example

To understand the key requirements of an optimal policy for

data center reclamation, it’s helpful to first examine why tra-

ditional optimal replacement policies such as OPT and VMIN

fail. Table 1 provides an example: for a given access trace, it

shows accessed, cached, and evicted1 pages for OPT, VMIN,

and OPP and highlights (in red) violations of the target pro-

motion rate (set at 50%). A violation occurs in a time period

when the promotion rate (the number of page faults for pre-

viously accessed pages relative to the total number of pages

accessed) is greater than the target.

All three policies begin by caching a, b, and c. During time

T 2, OPT for a cache of size 3 evicts a, b, and c, to make room

for d, e, and f . No eviction happens during T 3 as the only

accessed page (d) is already cached. During T 4, OPT evicts

d, which will never be accessed again, to accommodate c.

Finally, during T 5, accesses to both a and b produce cache

misses, leading to a promotion rate of 100%, which exceeds

the 50% target and constitutes a violation.

VMIN with a forward reuse distance of 3 (i.e., pages not

accessed during the next 3 windows should be reclaimed) has

the same initial cache state as OPT. However, at the end of T 1,

VMIN retains c, which is used again in T 4 for a reuse distance

of only 2, but evicts a and b proactively, because they are not

used again until T 5 for a reuse distance of 3. VMIN’s cache

state at the end of T 2 contains four pages, as VMIN does not

impose a fixed cache size. During T 3, VMIN retains c and

f , but evicts e as it will never be accessed again. During T 4,

only d is evicted, because it is never accessed again. However,

during T 5, accesses to both a and b cause misses, resulting in

a 100% promotion rate, violating the constraint.

As we can see, both OPT and VMIN perform reclamation

without considering the future promotion rate. They may be

optimal in terms of the total promotions, but not the rate in

time windows. As a result, they may cause promotions to

be clustered in a single time window rather than spread out,

which may violate SLOs.

Key insight: An optimal policy whose goal is to maintain a

1We use the terms reclamation and eviction interchangeably, but prefer

eviction when contrasting with prior work.

target promotion rate should treat the number of promotion

events relative to the number of unique elements accessed in

a given time window as a constraint during reclamation.

3.2.2 Optimal Performance Proxy (OPP) policy

OPP is a two-pass algorithm that takes a trace of page-level

accesses and produces a set of page reclamation decisions

for each time window, defined by a parameter window_size.

During the first pass, it determines the set of pages accessed in

each time window. During the second pass, at the end of each

window, OPP reclaims all pages, p, that will not generate a

page fault that violates the target promotion rate in the future

window in which they are accessed.

More formally, given a trace of accesses A at times T to a

set of all uniformly-sized pages P, A ⊆ T ×P, where each ac-

cess is represented as a tuple 〈t, p〉 with t ∈ T and p∈P. Given

W = {1,2, . . . ,Nw} a set of measurement windows, each of a

uniform time duration D, OPP maintains U = {Uw | w ∈W},

the count of (unique) pages accessed in each window w, calcu-

lated during the first pass of the trace, and F = {Fw | w ∈W},

a set of Fw, the running count of promotions (page faults) in

each window w. ∀〈t, p〉 ∈ A, OPP will reclaim p, accessed

at time t with known future access tb in window B, where

the window index B is computed as tb/D, as long as the pro-

motion rate generated by p’s next access will not exceed the

target promotion rate (i.e., FB/UB ≤ target promotion rate). If

p is reclaimed, then the number of future promotions (FB), is

incremented.

Let us now return to the example in Table 1. Starting with

the same initial state as VMIN and OPT, OPP reclaims a at the

end of interval T 1, but not b (unlike VMIN, which reclaims

both), as both a and b are accessed during T 5, and reclaiming

them both will violate the target promotion rate of 50%. For

the same reason, OPP avoids reclaiming b in future intervals,

but OPP reclaims c at T 1 as c’s next access in T 4 does not

violate the target promotion rate.

Key insight: OPP reclaims page as soon as possible, such

that the future accesses of reclaimed pages are spread across

time windows instead of clustered together. This approach

allows it to meet the performance constraint for promotion

rate while maximizing average memory savings. We present

the proof of OPP’s optimality in Appendix C.

3.3 MDK theoretical properties

We next explore the properties of reclamation policies, with

the goal of identifying properties analogous to the inclusion

property in the traditional setting that, when present, will

enable efficient MPC production.

Consider policies with one control parameter, Rt . The

tuple 〈e,T 〉 is an eviction tuple indicating that page e is

evicted at time T . Let SRt = (〈e1,T1〉,〈e2,T2〉, ...〈en,Tn〉)
be the sequence of all eviction tuples for a given policy
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Figure 5: Decisions of a hypothetical reclamation policy that

follows both eviction decisions and eviction times properties.

Blue blocks depict a page reclamation after that page is ac-

cessed. The more aggressive control parameter, R2, always

evicts everything that R1 evicts, at the same time.

configured with parameter Rt . The eviction sequence

ERt = (e1,e2, . . . ,en) is an ordered sequence of evictions

extracted from SRt without timestamps.

Definition 1: A policy configured with parameter R2

is more aggressive than R1 if |ER2| ≥ |ER1|, i.e., a policy with

a larger number of evictions is more aggressive.

Definition 2: The critical parameter, RC is the least aggres-

sive parameter that causes an eviction, i.e., if RC is the critical

parameter for an eviction e, then e is an element of ERC
, and

for all configurations Rx: e ∈ ERx ⇐⇒ |ERx | ≥ |ERC
|

This is analogous to the inclusion property’s critical capacity,

where RC is a critical parameter if it is the least aggressive

parameter for which an eviction happens.

Property: Eviction decisions. If |ER2| ≥ |ER1| then

ER1 � ER2, i.e., ER1 is a subsequence of ER2.

The eviction decision property states that if parameter R2

is more aggressive than parameter R1 for a policy, then every

eviction made with R1 is also made with R2. Figure 5 illus-

trates this for a hypothetical policy where R2, which is more

aggressive than R1, evicts every page evicted by R1. Note

that this property applies to ERt and not SRt , which means that

it does not impose a restriction that caches contain the same

elements at all times T , only that their eviction sequences are

ordered subsequences.

Property: Eviction times. If |SR2| ≥ |SR1| then SR1 � SR2.

The eviction times property states that if a policy can be

configured with two parameters R2 and R1, and R2 is more

aggressive than R1, then every eviction tuple with R1 also

occurs with R2, i.e., evictions happen at the same time. The

policy in Figure 5 illustrates this: for both control parameters

R1 and R2, P2 is evicted at the same time. The eviction times

property can be satisfied only if eviction decisions is satisfied.

These properties enable efficient MPC generation. If a

policy follows both the properties, then, for any given page

fault, we need to track only promotion and savings caused

by this fault for the critical parameter, as values for all more

aggressive parameters must experience this fault and can be

computed using the critical parameters’ value.

We can prove that VMIN adheres to the eviction decisions

and eviction times properties. VMIN takes a reuse distance

TF as input. If an element’s next-access distance exceeds TF

(determined using future access knowledge), it is reclaimed

immediately after access. If a reuse distance parameter TF

induces a page fault for a memory access, all reuse distance

parameters smaller than TF must also induce page faults, as

the next-access distance must exceed them as well. Further,

since a page is reclaimed immediately after being accessed,

all parameters that cause a page to be reclaimed, must do so

at the same time. Thus, VMIN follows both properties. We

omit proofs for other policies implemented in MDK, but they

can be derived by construction.

3.4 Efficient MPC generation

The MDK MPC generation framework provides the building

blocks to efficiently construct MPCs for various reclamation

policies that adhere to the MDK properties. Efficient MPC

generation is important, as simulating policies can take a long

time.

1 def generate_mpc(A):

2 savings = [0] * GetParamSpaceSize()

3 promotions = [0] * GetParamSpaceSize()

4

5 for t, p in A:

6 R_C = GetCriticalParam(t, p)

7 promotions[R_C] += 1

8 access_savings = GetMemorySavings(t, p)

9 savings[R_C] += access_savings

10

11 cumulative_promotions = 0

12 cumulative_savings = 0

13

14 # Iterate through parameters sorted by their aggression

level order

15 param_order = GetParamAggressionOrder()

16 for R_t in param_order:

17 cumulative_promotions += promotions[R_t]

18 cumulative_savings += AccumulateSavings(savings[

R_t])

19

20 print(R_t, cumulative_promotions, cumulative_savings

)

Listing 1: Efficient MPC generation template. Users need to

manually implement five policy-specific functions.

3.4.1 Understanding the MPC template

Listing 1 presents a high-level approach for constructing

MPCs for policies that operate with a single control parameter.

It takes as input a trace of page accesses and their access

times and requires that the user provide five policy-specific

functions. We first explain the core ideas of the approach and
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Figure 6: Policy specific function examples for MPC generation of the VMIN policy. GetCriticalParam computes the critical

parameter, which is the least aggressive future reuse distance for which a page access causes a page fault. GetMemorySavings

returns the time-multiplied savings associated with each page, assuming it was migrated back into DRAM for the current access.

AccumulateSavings iteratively computes the memory savings associated with all control parameters of a policy.

then discuss how to use this implementation by detailing the

policy-specific functions required for VMIN [50].

The generator leverages the fact that all memory accesses

cause a page fault under a sufficiently aggressive control

parameter setting. For each access, we compute the critical

parameter RC (line 6), the least aggressive setting where that

access causes a page fault. In traditional systems, this is the

largest cache size for a miss: any cache size smaller than

this critical size will also experience a miss if the policy

follows the inclusion property. Similarly, in our context, any

parameter that is more aggressive than RC will also experience

a given page fault if the policy follows the eviction decisions

property. Computing RC depends on the policy and the control

parameter: g-swap uses page age threshold, VMIN uses future

reuse distance, etc. Thus, we implement a policy-specific

GetCriticalParam function.

Page faults create memory savings for the time a page is

removed from memory. The key idea for efficient memory-

saving computation of all parameters is that the generator

tracks savings from reclaiming page P only for the criti-

cal parameter RC (line 9). If the policy follows the eviction

times property, more aggressive settings will save the same

amount, because they will reclaim the page at the same time

as RC. We easily calculate savings: if a page is reclaimed

at T1 and faulted in at T2 (for the current access), the saving

is (T2 − T1)× page_size. The policy-specific function Get-

MemorySavings determines T1, as different policies reclaim

pages at different times. For example, g-swap reclaims once a

duration of age has elapsed since the page was last accessed,

while VMIN reclaims immediately after a page is accessed.

The algorithm’s last step builds the full MPC. It recursively

calculates promotion rate and average memory savings for

all possible policy parameters. For the sake of exposition, we

simplify promotion rate calculation here, but our algorithm

computes it per time window. First, we determine the order of

parameter iteration from least aggressive to most aggressive.

The order of aggressiveness is also policy specific, e.g., largest

age to smallest for g-swap, smallest to largest promotion rate

for OPP. Assuming policies follow eviction decisions, we

cumulatively add page faults to more aggressive settings (line

17) to get the promotion rate for all parameters. Accumulate-

Savings recursively computes average memory savings. For

policies following eviction times, we add savings from less ag-

gressive parameters to more aggressive ones. This generates

the entire MPC.

3.4.2 Using the generator with policy specific functions

We used MDK to implement several policies; we include the

policy-specific functions for these policies in Appendix A.

Here we illustrate how to use MDK’s MPC generator using

VMIN [50] in Figure 6. Recall that VMIN reclaims any page

whose next access occurs more than than TF time period in

the future.

GetParamSpace and GetParamAggressionOrder (omitted

from Figure 6) define the template’s invariant for building

the MPC from least to most aggressive parameters. The least

aggressive parameter for VMIN is the largest reuse distance

in a trace, and the most aggressive value is 1, so we order

these parameters from high to low.

GetCriticalParam takes the page ID and access time of

the page access and calculates the critical parameter RC. For

VMIN, RC is simply the current page’s reuse distance, i.e.,

the largest possible TF setting for which this page would have

been reclaimed by the policy when the page was previously

accessed. Because VMIN reclaims on access, the currently

accessed page would cause a page fault only if VMIN imme-

diately reclaimed this page after its last access. Suppose the

current time is T2 and the previous time the page was accessed

was T1. At T1, the policy finds the next access, which occurs at

T2, and reclaims the page for any TF < (T2 −T1), with RC be-

ing T2−T1. In the generator, we can directly compute RC at T2

by looking at the last time the page was accessed. Therefore,

we do not need to maintain future data. As shown in Fig-

ure 6, we compute this by subtracting the last access time

from the current one, TC. Because VMIN follows eviction

decisions, any TF < TC will also experience this page fault,

and the template counts faults for all T < TC to construct the

MPC.

GetMemorySavings takes the same input as GetCritical-

Param and calculates the memory saved by a reclamation,

when a promotion happens. The value will be determined by

the time between when a page is reclaimed and the time of its

next access. In VMIN, pages are reclaimed immediately after

access, so the savings are the number of windows between a

page’s reclaimed access and its next access.

AccumulateSavings adds up memory savings for all set-

tings as the MPC is constructed. For policies such as VMIN

that follow eviction times, we simply add the savings of less

aggressive settings to more aggressive ones as we go through

the settings in the template, as shown in Figure 6. If a policy

does not follow eviction times (e.g., the AGE policy), this
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function lets designers create custom recursive calculations.

3.5 Generality of MDK

We present MDK in the context of one specific problem, char-

acterized by the metrics average memory savings and pro-

motion rate. However, as discussed in §2, there is a large

problem space for data center memory reclamation, with dif-

ferent choices of memory savings targets and SLO-aligned

performance proxies. The tools provided by MDK general-

ize well to this broader problem space, enabling researchers

to explore beyond the specific problem presented here: (1)

An MPC, by definition, accommodates any memory-saving

metric and performance proxy, making it applicable to any

problem in the space. (2) The optimal policy will vary by prob-

lem formulation; however, the development of OPP provides

key insights into designing optimal policies for other prob-

lems: the performance constraint should always be treated as

a first-class consideration, regardless of which proxy defines

the constraint. (3) The eviction decisions and eviction times

properties allow us to categorize policies with one control

parameter, Rt , based on whether they satisfy these properties,

regardless of the specific problem they address. (4) The MPC

generation template works with any single parameter policy

that satisfies the eviction decisions property, regardless of

the specific problem formulation. With the PACE generator

(Appendix B), we demonstrate that it is possible to apply

our properties to two-parameter policies as well; generalizing

them to multiple parameters is future work. (5) We focus on

metrics that can be computed using page access traces. Run-

time metrics such as PSI require an analytical model that can

approximate PSI values offline; developing and incorporating

such a model in MDK is future work.

4 Implementation

MDK consists of a collection of C++ tools and libraries to sim-

ulate data-center memory reclamation policies and generate

MPCs efficiently.

Trace collection and format: We collect page access

traces on Linux using a kernel thread similar to kstaled from

g-swap [37]. Applications run with all their data in DRAM

and hugepages disabled, and the kernel thread periodically

(every 30 seconds in our experiments) walks the page table,

writes a trace record for each page accessed, and clears the ac-

cess bits. The trace record contains the page ID and an access

period counter value. The performance metric that we use in

the paper, promotion rate, is evaluated on a per-application

basis as described in g-swap; we focus on collecting per-

application traces instead of traces for applications competing

against each other. This periodic algorithm does not capture

multiple accesses to a page in the same period. This omission

is problematic for frequency-focused policies or performance

metrics. However promotion rate is resilient to this omission

as long as a page is not faulted multiple times within a time

window (which is unlikely).

Policy simulation: Simulation provides ground truth for

evaluating the accuracy of MPCs generated using MDK,

but existing simulators do not implement variable-sized-

memory policies, so we implemented our own, similar to

libcachesim [72]. Our simulation framework takes as input

the traces described in the previous section and simulates both

fixed- and variable-sized-memory eviction algorithms. At the

end of each time period, the simulator selects pages to reclaim

according to the policy.

We simulate eight different policies: two fixed-sized-

memory policies (LRU and OPT) and six variable-sized-

memory policies (VMIN, AGE, PAW, PACE, L-OPP, and

OPP). LRU was faithfully implemented based on prior work,

and OPT follows the algorithm described by Mattson et

al. [47]. VMIN was implemented as described by Prieve et

al. [50], and our AGE policy follows the description from

Lagar-Cavilla et al. [37]. Finally, we implemented new poli-

cies PAW, PACE, and L-OPP that are described in §5.4. We

implemented OPP as described in §3.2.2.

Efficient MPC construction: Our MPC construction li-

brary takes as input a trace and a policy and outputs a col-

lection of performance proxy, memory saving pairs that to-

gether express an MPC. We implemented MPC generators for

AGE, OPP, VMIN, PAW, and PACE as case studies. Single-

parameter policies were implemented in MDK in fewer than

87 lines of code. All single-parameter policies follow the evic-

tion decisions property, and all but the AGE policy follow

the eviction times property. Policies that follow the eviction

times property can use the same AccumulateSavings func-

tion. However, the GetCriticalParam and GetMemorySavings

functions require policy-specific data structures and compu-

tation, such as the one described for VMIN in §3.4.2. The

framework supports only integer control parameters, so we

currently generate only integer promotion rates for OPP. For

PACE, our new two-parameter policy (§5.4), we implemented

a specialized MPC generator described in Appendix B.

5 Evaluation

We evaluate the individual components of MDK and demon-

strate MDK’s use in Figure 1’s policy design workflow. To

evaluate MDK’s components, we compare the accuracy and

speed of its MPC generation relative to simulation and com-

pare its OPP policy to VMIN. To illustrate MDK’s use in

designing new policies, we show how it can be used to under-

stand the headroom of existing policies, inspire the creation of

new policy ideas, and efficiently generate MPCs to compare

policy alternatives.
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Table 2: Workloads used to evaluate MDK. Execution time (in seconds) for MDK’s MPC generator and simulation for the OPP

policy, which is the slowest. MDK generates the plot for all parameters; for simulation, we conduct separate simulations for 10

control parameters to populate the MPC.

System Workload Memory Trace duration MDK (s) Simulation (s) Speedup

Cassandra YCSB 17.48G 120 minutes 88.4 9752 110×

Memcached Twitter KV 15.06G 120 minutes 432.4 24165 55×

GraphX PageRank PageRank on Twitter dataset 10.2G 28 minutes 36.8 2253 61×

NGINX Media streaming Video serving 820M 11 minutes 0.4 5 12.5×

TaoBench Caching 160G 45 minutes 583.2 48240 82×

DjangoBench Web serving 1.56G 51 minutes 6.7 160 24×

FeedSim Object aggregation/ranking 56G 22.5 minutes 52.9 11050 208×

MediaWiki Web serving 3.9G 15.5 minutes 8.2 260 32×

5.1 Methodology

We evaluate MDK using page access traces generated from

eight workloads in the CloudSuite [49] and DCPerf [61]

benchmark suites, as listed in Table 2. All workloads were con-

figured with the default parameters specified in the CloudSuite

Docker images and DCPerf documentation. We collected all

our page traces and ran our end-to-end case study on Linux

kernel version 5.10 on a machine with an Intel Xeon CPU

E5-2696 with 256 GB of RAM. We used a 64-core AMD

EPYC 7B13 machine with 128GB of RAM for benchmarking

MDK’s simulator and MPC generator.

5.2 MDK MPC generation

We evaluate the accuracy and speedup of MDK’s MPC genera-

tion relative to that of simulation for the workloads in Table 2.

MPC generation accuracy: MDK includes MPC genera-

tion algorithms for policies enabled by our theoretical prop-

erties. To validate the accuracy of MDK’s MPC generation,

we compare MDK MPCs to MPCs created via simulation.

We confirm that the simulator and MPC produce similar av-

erage memory savings and promotion rates for all policies.

For one-parameter policies, we compared ten different pa-

rameter settings, and for the two-parameter policy PACE, we

compared 15 different parameter settings. The mean absolute

errors of all MPCs are within 1% of the simulation (due to

rounding inconsistencies).

MPC generation time: Our goal in pursuing fast MPC

generation is to enable rapid evaluation of new policies and/or

parameter settings for those policies, rather than relying on

simulation or in-kernel implementations. Table 2 shows the

runtime for generating MPCs using MDK versus simulation

for the OPP policy, the slowest policy in both the MDK frame-

work and our simulator. OPP MPC construction takes twice

the time of both VMIN and AGE, as OPP needs to process

the trace twice, first to gather the number of pages accessed in

each window and second to compute reclamation decisions.

The time that we report for simulation is for simulating ten

different parameter settings, run sequentially. The simulation

time is dependent on the number of page access events in each

trace. Memcached and TaoBench have the highest number

of page access events, leading to the slowest simulation time.

MDK’s MPC generation algorithms outperform simulation

by 12.5× to 208×. MDK’s MPC generation is faster due to

the linear time complexity of the MPC generation algorithms

compared to the quadratic time complexity of simulation. The

simulation time can be reduced by running simulations in

parallel; however, the simulator would still be limited by its

time complexity.

5.3 Comparing optimal policies

Figure 4 shows the promotion rate over time for Cassan-

dra. Recall that VMIN and OPT violate the promotion rate.

OPP maintains a target promotion rate for the duration of the

entire workload, due to it considering both the accesses per

time interval and the reclamations. Although VMIN and OPT

maximize system throughput and can lead to better average

memory savings when the performance proxy is measured

over the entire execution of a program [18], they make sub-

optimal decisions that lead to promotion rate violations in

time windows, likely leading to application SLO violations.

5.4 Using MDK

We show how we use the policy development workflow (Fig-

ure 1) for new policies. First, we use MDK to understand

AGE’s performance compared to OPP. Then, leveraging in-

sights from OPP, we describe how we design two heuristic

policies and a learned policy. We then describe the gener-

ation of their MPCs and discuss our policies’ performance

compared to AGE. Finally, we validate one of our heuristic

policies on Linux.

5.4.1 Understanding headroom:

Figure 7 shows the average memory savings as a function of

the promotion rate for our workloads. We expect that memory

savings should increase as the promotion rate constraint in-

creases (i.e., policy becomes more aggressive). MPCs tell us

what parameters of a policy perform best under an operating
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these policies [18], while savings are not. Further, the AGE

policy is often conservative, as shown in the GraphX work-

load; the AGE policy never exceeds ∼10% average memory

savings, even on the most aggressive settings, as it waits for a

minimum number of time windows before reclaiming pages,

making it impossible to reap the full potential savings.

5.4.2 Designing and evaluating new policies

We use the insights revealed in Figure 7 to propose policies

that bridge the gap between AGE and OPP. The steps for de-

signing a policy shown in Figure 1 are: coming up with a new

policy idea, generating its MPC, which entails understanding

whether MDK properties apply, and if they do, implementing

their MPC generators in MDK, and comparing the new poli-

cies’ performance to AGE. We describe the steps per policy

for three new policies.

Prior Age with Wait (PAW)

Design: First, we develop a simple heuristic policy that

reclaims pages after access, similar to OPP, by using historical

reuse distances. This policy, Prior Age with Wait (PAW),

reclaims a page if its prior age, the distance between a page’s

last two accesses, is greater than a threshold P, and at least

one minute has elapsed since its last access. Waiting one

minute addresses potential issues for frequently used pages:

if a page is recently accessed, it is likely to be accessed again,

so the policy waits briefly before reclaiming it to increase

confidence in the reclamation.

Generating MPC: PAW follows the eviction decisions

and eviction times properties, so we implemented its generator

in MDK. Writing the policy-specific functions took fewer

than 65 LOC. For the GetCriticalParam function, we reused

the AGE policy’s implementation, as the only difference is

looking at the current reuse distance versus the previous one.

The other two memory functions are identical to VMIN’s, as

both policies follow the eviction times property.

Comparing performance to AGE: Figure 7 illustrates

the MPC for comparing AGE with PAW. PAW outperforms

AGE on workloads with predictable access patterns: it saves

up to 10% more memory than AGE on GraphX, NGINX,

and TaoBench. However, for workloads such as Memcached

and FeedSim, where past behavior is not a good indicator of

future accesses, AGE’s conservative approach is better. As

our results clearly show, for certain workloads where reuse

distances are not a good indication for reclaiming a page,

AGE outperforms PAW significantly.

Prior Age and Current Elapsed (PACE)

1 def PACE(page, P, A):

2 alpha = get_prior_age(page) # Last reuse distance

3 beta = get_current_age(page) # Time elapsed since last

4 active reference

5 evict = False

6 if alpha > P:

7 evict = True

8 if beta > A:

9 evict = True

10 return Evict

Listing 2: The PACE two parameter policy. PACE evicts pages

immediately if their reuse distance is greater than a control

parameter P. If the reuse distance is small, then PACE waits

until time A has elapsed, similar to AGE. to reclaim a page.

Design: The Prior Age and Current Elapsed (PACE),

detailed in Listing 2, is a simple two-parameter policy that

combines the aggressiveness of PAW with the conservative

nature of AGE. PACE directly addresses the shortcomings of

PAW for workloads where reuse distances are not enough to

make good decisions. For each page, PACE checks if its reuse

distance, i.e., the difference between its prior two accesses, is

greater than a prior age threshold P; if so, it evicts the page

immediately. Unlike PAW, PACE does not wait for one minute

before reclaiming a page. If the reuse distance is not greater

than P, then PACE waits a time period A after a page’s last

access before reclaiming it. PACE has two control parameters,

P and A. Tuning P allows PACE to evict pages immediately

upon access, similar to PAW, and for pages where P is not a

good indication for eviction, PACE reclaims a page after it is

not accessed for A time intervals, similar to g-swap’s current

AGE policy.

It is trivial to see that under the correct (P,A) setting PACE

must always perform as well as, if not better than AGE. If

P is set to infinity, no page would ever satisfy the prior age

condition; therefore PACE can always fall back to AGE. The

challenging part is determining the best parameter combina-

tion for a given application. Simulating all parameters for

PACE is prohibitively expensive due to many possible (P,A)
values; our traces have more than 10,000 unique (P,A) com-

binations. Additionally, there is no intuition that allows us to

guess good (P,A) combinations.

Generating MPC: We present a novel specialized al-

gorithm for efficiently generating the MPC for the PACE

policy, rooted in our theoretical properties. Although we can-

not compare the aggressiveness of two arbitrary parameter

combinations (P1,A1) and (P2,A2), because these parameter

combinations don’t follow the eviction decisions and eviction

times properties, P and A individually follow these proper-

ties, implying that both E(P+1,A) and E(P,A+1) would be sub-

sequences of E(P,A). This fact allows us to generate the MPC

for PACE efficiently using the dynamic programming solution

to the suffix sum problem. We describe the algorithm that we
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implemented in about 300 loc, in detail in Appendix B.

Comparing performance to AGE: In Figure 7, we re-

port the top three performing configurations for PACE for

each 1% promotion rate increments, such as 1-2%, 2-3%.

The results show the maximum potential benefit (an upper

bound) when the optimal parameters are chosen on the same

trace used for evaluation. As expected, PACE’s best configu-

rations always perform as well as AGE’s best configurations.

For most workloads, PACE obtains modest memory savings

improvement of 1-4% across different promotion rates. For

workloads such as Cassandra and GraphX, PACE ’s best con-

figurations outperform AGE by 8-10%; PACE increases sav-

ings by evicting pages earlier. Since AGE, PAW, and PACE

have parameters dependent on application characteristics, a

tuner would need to observe application characteristics online

and then set P or A parameters for all three policies. Note that

with more tunable parameters, the results are more suscepti-

ble to overfitting when using the exact same trace for tuning

and evaluation; tuning without a priori trace knowledge for

unseen traces is left for future work.

Learned OPP (L-OPP)

Design: OPP demonstrates significant headroom over

AGE, however it requires future information. Inspired by prior

work on learned policies in the traditional problem [29, 42,

59], we investigate whether a learned policy that imitates

OPP, L-OPP, can improve upon AGE without needing future

information. Our intent is to illustrate that OPP can be used

more directly to derive a new policy, rather than to create the

perfect learned policy. We frame page reclamation as a binary

classification problem: given a page access and its re-access

history, the model predicts whether to reclaim the page. We

train a gradient boosted tree model for this task, using the

open-source YDF library [24] with default hyperparameters.

To build the training dataset, we first use periodic page table

access bit scans to collect page access traces for the DCPerf

benchmarks [61]. Then, we use our simulator to run OPP on

these traces with a target promotion rate of 2% and log every

reclaim/not reclaim decision along with the historical reuse

distances of each page. Our goal is that L-OPP will achieve

the same promotion rate. We then train a separate model for

each workload on the first 80% of the dataset, using six past

reuse distances for each page as features. We use the last 20%

of the dataset for validation. The final L-OPP policy uses

AGE to reclaim first-use pages (i.e., those that have no reuse

features); for all other pages, it queries the trained model at

the end of the time interval in which they have been accessed.

Generating MPCs: We implement L-OPP in our sim-

ulator, because it does not obey the eviction decisions and

eviction times properties, because it doesn’t have any tunable

Figure 8: MPC for AGE and our learned policy, L-OPP.

parameters. We incorporate the C++ implementation [24] of

L-OPP as a new policy in our simulator to generate MPCs.

For simulator testing, we use a completely different trace than

the one used for training; we collect this trace by running

access bit scans on a second execution of the same workload.

Comparing policies to L-OPP: Figure 8 compares

AGE, PAW, and L-OPP for the DCPerf benchmarks. L-OPP

has better average memory savings than PAW for both work-

loads and is modestly better than AGE for DjangoBench.

L-OPP is conservative and the number of per-window recla-

mations it makes are small, so we need to have longer work-

loads such as DjangoBench to accumulate savings over time

to show benefit. (Similar observations have been reported for

conservative non-learned policies [66].) L-OPP maintains a

1% promotion rate constraint, demonstrating that the learned

policy maintains the promotion rate for which it was trained.

For TaoBench and FeedSim (results omitted), L-OPP’s low

offline precision results in a high promotion rate, showcasing

that high precision models are important to meet the promo-

tion rate constraint. Although these initial results suggest the

need for feature engineering and training at different target

promotion rates to improve L-OPP’s performance (a topic for

future work), L-OPP demonstrates OPP’s utility for policy

creation, in addition to headroom analysis.

5.4.3 Validating policy end-to-end in Linux:

We evaluate MDK’s findings by implementing PAW and AGE

in Linux. Both policies reclaim pages every 30 seconds: AGE

reclaims pages that are unused for 10 minutes, and PAW re-

claims pages with reuse distance greater than 2.5 minutes.

We use an SSD as the swap backend and turn off hugepages.

Table 3 shows the average memory consumption and swap us-

age of both policies for running the Page Rank benchmark on

GraphX. We choose parameter settings to operate under a 4%

promotion rate threshold based on our offline MPC results.

As predicted by our MPC, PAW saved 4% more memory

without compromising performance. The savings are as ex-

pected, because AGE is cautious and reclaims late, while PAW

reclaims pages shortly after access, increasing the average

memory savings as shown in our results. The promotion rate

of both policies was around 1.5%, significantly lower than

the 4% threshold we expected. For promotion rate to match
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the simulation and our framework, policies need to observe

page accesses at similar times. However, both policies ran

faster than our offline trace, and the promotion rate is directly

dependent on the runtime of the application. The fact that

the policies run in less time than our original trace shifts the

windows in which reclamations occur, changing the observed

promotion rate. There are several avenues of future work to

explore to analyze and mitigate this effect: (1) Implementing

MDK MPC generators in a self-tuning system similar to Sen-

pai [66], would allow for accurate estimation of promotion

rate while applications are running, (2) Running an analytical

analysis that develops confidence bounds of the offline MPC

results for online use.

Table 3: Policy Comparison on Linux for GraphX. We mea-

sure the mean and standard deviation of memory and swap

usage.

Policy Swap (GB) Memory Usage (GB) Time taken (mins)

PAW 0.59±0.75 9.11±0.84 16.9

AGE 0.23±0.29 9.52±0.27 17.1

6 Related work

MDK builds upon concepts from prior work on optimal algo-

rithms, variable-sized cache policies, approaches for generat-

ing MRCs, and memory reclamation metrics.

Optimality: Several prior works focus on optimal poli-

cies for fixed-sized memories for uniform object sizes [8, 47],

non-uniform object sizes [10], variable-sized memories [50],

and for non-uniform memory access cost [30]. These policies

do not consider performance constraints that the data center

context requires. Optimal policies have been adapted to vari-

ous domains including databases [13,31,69], cache-oblivious

algorithms [22], tiered memory systems [73], and confidential

applications [36]. These prior works on fixed-sized memories

could be extended to the data center formulation.

Several works use optimal algorithms to train ML mod-

els [29, 40, 42, 44, 52, 56, 58–60, 65, 68, 71, 76]. We explore

training a learned policy L-OPP using OPP, that demonstrates

OPP’s utility for policy creation.

Variable-sized policies: Working set [17] provided a the-

ory to model applications by their memory behavior. Replace-

ment policies inspired by this model optimize for miss ratio

without a fixed-sized memory constraint [18] and generate

better average memory savings than OPT while using statis-

tical future knowledge [41]. These works are complemen-

tary to our work. Prior work explored adapting cache size

based on performance metrics [3,25], and modern application

frameworks also exploit variable-sized allocation by forcing

applications to shrink their internal cache footprints under

pressure [23, 51]; our work focuses on variable-sized policies

instead of adapting the size.

Miss ratio curves: MDK extends the work of Mattson et

al. [47] and later work on MRC construction for algorithms

other than LRU [7, 18], by introducing new theoretical prop-

erties that apply to a larger set of policies. Additional related

work uses approximation to speed up Mattson’s approach,

including Shards [64], KOSMO [57], AET [28], and Counter

Stacks [67]. MDK produces exact MPCs, and we leave ap-

proximate concepts for MDK algorithms as future work. Sev-

eral systems use online MRC generation to guide cache size

allocation (e.g., Memshare [11] and OSCA [74]) and tune

policies (e.g., Cliffhanger [16, 27, 77]). We leave using MDK

MPCs to tune data center systems for future work.

Memory reclamation metrics: Prior work used metrics

other than miss ratio, such as fault rate [15, 55], pressure

stall information (PSI) [66], promotion rate failures [70], fre-

quency of access [53], amortized offcore latency [43], and

throughput [26]. MDK is designed to be extensible in order

to accommodate a diverse set of metrics.

7 Conclusion

Data center memory reclamation has a goal of maximizing

memory savings to allow more jobs to be scheduled on servers,

while maintaining application performance targets. This for-

mulation leads to a different optimization problem than the

traditional one, and the tools required to address this problem

are lacking. We introduced MDK, an offline framework for

data center policy exploration that includes a new optimal pol-

icy OPP, MPCs to evaluate policy performance, theoretical

properties, and efficient algorithms to construct MPCs. Using

MDK, we show that existing policies leave ample room for

improvement. We develop new practical and learned policies

by leveraging OPP insights and evaluate these policies using

MDK, demonstrating MDK’s utility and the potential to im-

prove upon existing policies. Ultimately, we hope researchers

will use MDK to develop better memory reclamation policies

for the data center problem.
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A MPC constructors for OPP and AGE poli-

cies

We discuss the MPC constructors for AGE and OPP for expo-

sition.

MPC construction for AGE

AGE policy only adheres to the eviction decisions and not the

eviction times property.

The AGE policy accepts a parameter RA representing the

threshold age of a page. Any page not used for RA time in-

tervals is reclaimed. This policy follows the eviction times

property as any age that is less than RA (i.e. more aggressive)

would also reclaim the same page, thus incurring the same

fault. However, this policy doesn’t follow the eviction times

property, as the more aggressive age would reclaim the page

earlier than a less aggressive one. The page would reach that

age sooner, which means that the eviction times property can’t

be satisfied. The critical parameter Rc computation (shown

in Table 4 for AGE eviction policy is similar to VMIN’s.

The key difference lies in the parameter: AGE policy waits

RA time intervals for eviction, making the critical parameter

one less than the reuse distance. However, it’s memory sav-

ings function differs significantly from that of VMIN’s. The

memory savings is always the size of the element because

the critical parameter (the age) of AGE is always 1 less than

the reuse distance. For example, if an element is accessed at

times 10 and 20, the critical age parameter would be 9, and

the page would be evicted at time 19 for one time unit by

the critical parameter. When accumulating memory savings,

the less aggressive parameter’s savings must be adjusted to

account for the earlier evictions (as the eviction times property

is violated). This adjustment involves adding the difference

between the two age parameters (assumed to be 1 here) multi-

plied by the number of pages evicted by the less aggressive

parameter, as these pages would have been evicted one time

unit earlier by the more aggressive policy.

MPC construction for OPP

OPP adheres to the eviction decisions and the eviction times

property.

The OPP policy that we presented follows both the theoret-

ical properties we introduced. OPP accepts a target promotion

rate, to maintain in each time window. It evicts elements as

soon as they are accessed similar to VMIN adhering to the

eviction times property. An aggressive target promotion rate

will always evict the pages from the less aggressive promotion

rate first. For example, all the evictions under a target promo-

tion rate of 1% would also happen under a target promotion

rate of 2% as all the pages that cause page faults under 1%

setting would also be included in the 2% setting.

In the case of OPP, the size of the integer parameter space is

100, the max possible target promotion rate assuming integer

promotion rates. Floating promotion rates can be configured

using the GetParamSpace and GetParamAggressionOrder

functions. The parameter traversal order is increasing as the

least aggressive parameter (target promotion rate) is 1% and

the most aggressive is 100%. This is the opposite case of

VMIN and the AGE policy.

OPP MPC construction requires additional data structures.

It requires maintaining the future accesses for a given page

and the number of pages accessed in all windows. We con-

struct this by first pre-processing the trace in linear time and

computing the number of unique pages accessed in each time

window and maintaining a per-page vector of windows in

which it is accessed. Once the trace is pre-processed, the

template computes the MPC. OPP’s GetCriticalParameter

function first updates the promotion rate that the page’s next

access will cause, by computing the expected number of fu-

ture faults divided by the total accesses in the future period.

The reason to do that is identifying the promotion rate as-

sociated with a memory access by looking at the past is not

feasible efficiently, so we must update future promotion rates

before the access occurs. The critical promotion rate RC then

is simply read from the same data structure that was written

on the page’s previous access.

OPP’s memory savings is the same as VMIN as it follows

the eviction times property, this simplifies it’s memory savings

computation.

B MPC construction for PACE

Listing 3 details the MPC constructor for the PACE pol-

icy. Our algorithm takes as input a page access trace, and

outputs the memory savings and promotion rate associated

with every (P,A) combination. The core logic relies on us-

ing suffix sum for computing the MPC. The algorithm first

computes Raw(p,a), counting the number of pages with ex-

act reuse distance p and elapsed age a. We then compute a

Co-Age threshold matrix, denoted as C(p,a), that counts pages

that would be evicted for reuse distance greater than P and

elapsed time greater than A as C(p,a) = Raw(p,a)+C(p+1,a)+
C(p,a+1)−C(p+1,a+1). This counts instances where pages meet

or exceed thresholds p and a simultaneously; a summation

of the pages that exactly have a reuse distance and elapsed

time of P and A and all the pages that satisfy less aggressive

parameters, i.e.,(P+1,A) and (P,A+1), subtracting the evic-

tions due to (P+1,A+1), the intersection of the two settings

to avoid double counting the same evictions. The correctness

of this recursion lies in the fact that P and A follow eviction

decisions and eviction times individually, allowing us to use

the well-known dynamic programming solution to the suffix

sum problem for solving this recursion efficiently.

PACE evicts pages if they satisfy the reuse distance P or

the current idle limit A. We use the Co-Age threshold matrix
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Table 4: Policy details for MDK MPC generator that allows for easy implementation of MPC algorithms

Policies (LOC) GetParamSpace GetParamAggres-

sionOrder

GetCriticalParam

(page_id, time)

GetMemorySavings

(page_id, time)

AccumulateSavings

(savings)

LRU (53) max_cache_size {c ∈ N | max_c ≥
c ≥ 1}

return

stack.index_of(page_id)

N/A N/A

VMIN (40) max_distance {d ∈ N | max_d ≥
d ≥ 1}

return time -

prev_access[page_id]

return (time -

prev_access[page_id])

×Page_size

return savings

AGE (52) max_distance {d ∈ N | max_d ≥
d ≥ 1}

return (time -

prev_access[page_id])

- 5 min

return Page_size return savings +

Page_size

×(npages_reclaimed)

OPP (87) 100 {r ∈ N | 1 ≤ r ≤
100}

curr_PR =

saved_PR[page_id]

j =

next_access(page_id)

F(j)++

saved_PR[page_id] =

F(j)/W(j)

return curr_PR

return (time -

prev_access[page_id])

×Page_size

return savings

PriorAgeWithWait

(PAW) (62)
max_distance {d ∈ N | max_d ≥

d ≥ 1}
interval =

prev_access[page_id] -

prev_reaccess[page_id]

return interval < 1 min

? 0 : interval

return (time -

prev_access[page_id])

×Page_size

return savings

C to compute the final promotion rate, Promotion_rate(P,A)
as Promotion_rate(P,A) =C(P,1)+C(0,A)−C(P,A). Here, C(P,1)

computes promotions arising due to pages that have a reuse

distance greater than P and are going to elapse at least one

time interval after their eviction, i.e., their age would be at

least 1 on reaccess. C(0,A) captures age-based promotions

due to pages that would have an elapsed time greater than A.

Finally, subtracting the intersection C(P,A) corrects the over-

lapping promotions that both conditions would satisfy.

The memory savings Savings(P,A) computation uses the

same logic as the promotion rate. However, it requires an

adjustment. Pages would be evicted at different times based

on the condition they satisfy. Suppose a page with reuse

distance α = T2 −T1 accessed at time T1, with next access

at T2. When the page is refaulted at T2, we need to eval-

uate the savings generated. If α > P, then the page is re-

moved from memory immediately at T1, and the savings

generated by this eviction would be (T2 − T1)× page_size.

If α < P, then the page has to stay idle for a time period

A before it is evicted; in this case, the savings generated

would be (T2 − T1 − A)× page_size. The savings need to

be adjusted for this waiting period. To handle this, along

with Raw(p,a), we also compute Gap(p,a), which computes

the maximum time a page stays out of memory for every

two accesses to it; in our example, it is (T2 −T1)× page_size.

The Co-Age Threshold matrix for memory savings is com-

puted as C_sv(p,a) = Gap(p,a)+C_sv(p+1,a)+C_sv(p,a+1)−

C_sv(p+1,a+1). For the final savings, we subtract the adjust-

ment required to accurately count the savings for the AGE pol-

icy using, Savings(P,A) = C_sv(P,1)+C_sv(0,A)−C_sv(P,A)−
(num_pages_age×A), we achieve this by keeping track of

the number of pages evicted due to the AGE condition in our

algorithm.

C Proof of Optimality for OPP

We first focus on a trace collected by reading accessed bits

similar to existing data center systems, where all accesses

within a time window Wn are assumed to have occurred at

the exact same time, tstart(Wn), the start time of the window.

The kernel can only observe accesses to pages by reading

the access bit at regular time intervals, only allowing it to

assign that time interval as the time of access when the tracing

happens.

We prove the optimality of the OPP algorithm by contradic-

tion using a "first difference" argument. An optimal schedule

maximizes total memory savings while adhering to all con-

straints.

Definition of Memory Saving: Let the saving from a single

eviction of page p at time tevict be defined as:

s(p, tevict) =
{

tnext(p)− tevict}

where tnext(p) is the time of the next access to page p. The
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Listing 3: MPC generator for the PACE policy

1 def pace_mpc_generator(trace, scan_period, page_size):

2 min_t, max_t = min(t for pid, t in trace), max(t for pid

, t in trace)

3 num_windows = (max_t - min_t) / scan_period

4 dim = num_windows + 1

5 Raw, Gap = [[[]]], [[[]]] # 3d array dimensions (dim,

dim, num windows)

6 prev_w, prev_prev_w = {}, {}

7 for page_id, t_now in trace:

8 w = (t_now - min_t) / scan_period

9 if prev_w.get(page_id, -1) != -1:

10 p = prev_w[page_id] - prev_prev_w.get(page_id,

prev_w[page_id])

11 a = w - prev_w[page_id] - 1

12 Raw[min(p, dim-1), min(a, dim-1), w] += 1

13 Gap[min(p, dim-1), min(a, dim-1), w] += (w -

prev_w[page_id]) * page_size

14 prev_prev_w[page_id], prev_w[page_id] = prev_w.get(

page_id, -1), w

15 C, C_sv = [[[]]], [[[]]] # 3d array dimensions (dim, dim

, windows)

16 for p in range(dim - 1, -1, -1):

17 for a in range(dim - 1, -1, -1):

18 for w in range(num_windows):

19 C[p, a, w] = Raw[p, a, w] + C[p+1, a, w] + C

[p, a+1, w] - C[p+1, a+1, w]

20 C_sv[p, a, w] = Gap[p, a, w] + C_sv[p+1, a,

w] + C_sv[p, a+1, w] - C_sv[p+1, a+1, w

]

21 results = []

22 for P in range(1, dim):

23 for A in range(1, dim):

24 total_promotions, total_savings = 0, 0

25 for w in range(num_windows):

26 total_promotions += C[P, 1, w] + C[0, A, w]

- C[P, A, w]

27 num_pages_age = C[0, A, w] - C[P, A, w]

28 total_savings += C_sv[P, 1, w] + C_sv[0, A,

w] - C_sv[P, A, w] - (num_pages_age * A

* page_size)

29 results.append(Result(P, A, total_savings,

total_promotions))

30 return results

total memory saving for a schedule S is the sum over all its

evictions assuming uniform page size:

Saving(S) = ∑
(p,tevict)∈S

s(p, tevict)

Let SOPP be the schedule from the OPP algorithm. As-

sume there exists a hypothetical optimal schedule Sopt with

Saving(Sopt) > Saving(SOPP). This implies the schedules

must differ.

Let’s consider the first access event in the trace, (P, tp),
where the decisions of the two schedules diverge as both

schedules cannot be identical if Saving(Sopt)> Saving(SOPP).
Both schedules were identical for all accesses prior to tp,

their internal states (e.g., fault counts for future windows) are

identical at this point. One theoretical way for them to differ

is if Sopt evicts P at tp, but SOPP does not. However, this is

impossible. If Sopt evicts P, the eviction must be valid, i.e.,

the fault slot in the future window Wn is available and this

eviction doesn’t violate the promotion rate. Because the states

are identical, the eviction would also be valid for SOPP. The

OPP algorithm is maximally greedy by definition: it always

performs an eviction if it is valid. Therefore, SOPP would

also have evicted P, which contradicts our premise that the

schedules differ.

Thus, the first point of divergence can only be the other

way around:

(P, tp) ∈ SOPP and (P, tp) /∈ Sopt

For OPP to evict P, the eviction must be valid, contributing a

saving of s(P, tp)> 0. Let the next access to P be in window

Wn, which means this eviction consumes one fault from Wn’s

budget.

Now, consider why Sopt would not evict P. There are two

possibilities for how Sopt uses the fault budget in window Wn:

Case A: Sopt never uses the fault slot in Wn that P’s evic-

tion would have taken. In this case, Sopt simply forgoes

the savings s(P, tp) by not reclaiming this page. We could

construct a new schedule S′ = Sopt ∪ {(P, tp)}. This sched-

ule is valid because the required fault slot in Wn was avail-

able in Sopt. The savings of this new schedule would be

Saving(S′) = Saving(Sopt)+ s(P, tp), which is strictly greater

than the savings of Sopt. This contradicts the assumption that

Sopt is optimal.

Case B: Sopt uses the same fault slot in Wn for another page,

Q. For Sopt to use the fault slot on a different page, it must

evict a page Q at some time tq, where Q’s next access is also

in window Wn. Since we are at the first point of difference at

time tp, it must be that tp ≤ tq. Let’s construct a new schedule

S′ from Sopt by swapping the decision for Q with the decision

for P:

S′ = (Sopt \{(Q, tq)})∪{(P, tp)}

This new schedule S′ is valid. It uses the same fault slot in Wn

that Sopt used, just for a different page.

Saving(S′) = Saving(Sopt)− s(Q, tq)+ s(P, tp)

The saving for each eviction is s(p, tevict) = tnext(p)− tevict.

Under our assumption, both P and Q are re-accessed at the

exact same time, so tnext(P) = tnext(Q) = tstart(Wn).
Therefore, the difference in savings becomes:

s(P, tp)−s(Q, tq)= (tstart(Wn)−tp)−(tstart(Wn)−tq)= tq−tp

Since we established that tp ≤ tq, it follows that tq − tp ≥ 0.

Thus, Saving(S′) ≥ Saving(Sopt). We have transformed Sopt

into a schedule that agrees with OPP’s first decision without

decreasing the total savings. By repeating this argument for

all points of difference, we can show that Saving(SOPP) ≥
Saving(Sopt), which contradicts our initial assumption. There-

fore, under this setting, OPP is optimal.
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D Investigating OPP optimality for traces with

exact timestamps

Now, we relax the assumption and allow accesses to be spread

within a window given a trace with exact time stamps for each

memory access. The below counter-example demonstrates

that OPP is not optimal in this case.

Parameters:

• Window Size (W ): 100 time units. (W1 : [1,100],W2 :

[101,200])
• Target Promotion Rate (ρtarget): 0.5 (50%)

• Durable Threshold (Tdurable): 50

Access Trace (T ):

T = [(A, t = 10),(B, t = 20),(A, t = 110),(B, t = 190)]

There are two accesses in W2, so its fault budget is 0.5×2 = 1.

OPP’s Sub-Optimal Schedule:

1. At t = 10, OPP considers evicting page A. The next

access is at t = 110. The eviction is valid (110− 10 =
100 ≥ Tdurable) and a fault slot is available in W2. OPP

evicts A and uses the only fault slot for W2. The saving

is 110−10 = 100.

2. At t = 20, OPP considers evicting page B. While the

eviction is valid (190− 20 = 170 ≥ Tdurable), the fault

budget for W2 is now full. OPP cannot evict B.

The total saving for the OPP schedule is 100.

Optimal schedule for exact trace: An optimal algorithm

would compare the potential savings. Evicting A yields a sav-

ing of 100, while evicting B yields a saving of 170. Knowing

it only has one fault slot, the optimal schedule would forgo

evicting A to save the slot for the more profitable eviction of

B. The total saving would be 170.

Since 170 > 100, OPP is not optimal for this scenario.

Proof of Bounded Gap for OPP schedule

We prove that the total gap between the savings of ideal Sopt

for this scenario and SOPP is bounded.

Let En(S) be the set of pages evicted by schedule S that fault

in window Wn, and let Fn be the fault budget for that window.

The number of such evictions is bounded, so |En(S)| ≤ Fn.

Because OPP is maximally greedy, it will always make at least

as many valid evictions for a given window as any other valid

schedule. Thus, |En(SOPP)| ≥ |En(Sopt)|. Let mn = |En(SOPP)|
and kn = |En(Sopt)|, where mn ≥ kn.

The total savings gap is the sum of the gaps from each fault

window:

Gaptotal = Saving(Sopt)−Saving(SOPP) =

Nwindows

∑
n=1



 ∑
Qi∈En(Sopt)

s(Qi)− ∑
Pj∈En(SOPP)

s(Pj)





Let’s analyze the gap for a single window n. Since mn ≥
kn and all savings s(Pj) are non-negative, we can find an

upper bound by dropping the extra mn −kn terms from OPR’s

savings:

Gapn ≤
kn

∑
i=1

s(Qi)−
kn

∑
j=1

s(Pj)

where {Pj} represents the first kn pages chosen by OPP for

window n (i.e., those with the earliest access times).

Gapn ≤

(

kn

∑
i=1

tnext(Qi)−
kn

∑
j=1

tnext(Pj)

)

+

(

kn

∑
j=1

tevict(Pj)−
kn

∑
i=1

tevict(Qi)

)

Now we bound the two parenthesized terms.

1. Bounding the tevict term: The set {Pj} contains the kn

valid evictions with the earliest possible eviction times. The

set {Qi} is another set of kn valid evictions. By definition,

the sum of the earliest eviction times must be less than or

equal to the sum for any other set of the same size. Therefore,

∑ tevict(Pj) ≤ ∑ tevict(Qi), which implies the second term is

non-positive and can be dropped for an upper bound:

Gapn ≤
kn

∑
i=1

tnext(Qi)−
kn

∑
j=1

tnext(Pj)

2. Bounding the tnext term: For any page X in these sets,

tnext(X) must fall within window Wn. Let tstart(Wn) be the

start time of this window. We can establish firm bounds:

tstart(Wn)≤ tnext(X)< tstart(Wn)+W . To maximize the gap,

we maximize the sum for Qi and minimize the sum for Pj:

∑ tnext(Qi)<
kn

∑
i=1

(tstart(Wn)+W ) = kn · (tstart(Wn)+W )

∑ tnext(Pj)≥
kn

∑
j=1

tstart(Wn) = kn · tstart(Wn)

Substituting these into our inequality for Gapn:

Gapn < kn · (tstart(Wn)+W )− kn · tstart(Wn) = kn ·W
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Since kn = |En(Sopt)| ≤ Fn, we can conclude that Gapn <
Fn ·W . The gap for a single window is strictly bounded by its

fault budget multiplied by the window size.

3. Bounding the Total Gap: The total gap is the sum of

the per-window gaps. Let Ftotal = ∑Fn be the sum of all fault

budgets over the entire trace.

Gaptotal =
Nwindows

∑
n=1

Gapn <

Nwindows

∑
n=1

(Fn ·W ) =W ·
Nwindows

∑
n=1

Fn = Ftotal ·W

Thus, the total savings gap is strictly bounded by the total

fault budget multiplied by the window size. This proves the

algorithm is near-optimal.
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