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Abstract

Cache partitioning mechanisms improve system performance by
judiciously allocating cache space among diverse applications. We
found that the effectiveness of cache partitioning can be signif-
icantly improved for modern applications through fine-grained
partitioning in both time and space. However, existing software
and hardware solutions are limited to only one dimension.

This paper presents Cachence, a novel cache partitioning mech-
anism that achieves both timely and high-granularity partition-
ing with two novel techniques. First, Cachence profiles cache ac-
cess patterns by implementing a refined cache analytical model
in hardware, enabling fine-grained miss-ratio curve profiling. The
hardware-friendly optimization of the model provides high accu-
racy with theoretical guarantees in less than tens of million cycles,
supporting timely partition while incurring only a small, about
two kilobytes space overhead for each core. Second, Cachence
leverages the characteristics of modern out-of-order processors
and runtime microarchitectural statistics to propose a lightweight
yet precise performance model, which supports a thousand of kilo-
bytes-level cache partitioning. Cachence also proposes a special
hardware cache partitioning tool, boosting the hit rate while mini-
mizing storage and latency overhead. Our evaluation shows that, on
a 16-core system, Cachence outperforms existing approaches by
an average of 9.5% to 28.2%, and up to 48.8%.

1 Introduction

Judiciously partitioning the last level cache (LLC) among applica-
tions promises to improve overall performance [3, 5, 7, 14, 17, 18,
20, 26, 29, 31]. Modern cache partitioning mechanisms [7, 20, 29]
improve over equal division with better partitioning decisions con-
sidering time and space. In terms of time, because modern appli-
cations exhibit phase behavior, modern mechanisms re-partition
cache spaces among applications at regular time intervals. In terms
of space, modern mechanisms monitor cache accesses and analyze
how the performance of each application varies with different cache
sizes. They then prioritize allocating caches to applications whose
performance is more sensitive to cache size.

We argue that the partition mechanism should be both temporal
and spatial fine-grained. Any absence of fine granularity on time or
space can lead to significant performance degradation. As shown in
Figure 1(a), modern applications are executing fast with the rapid
advancement across the computing stack. The shorter execution
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Figure 1: (a) Cache miss ratio over time for four representative SPEC

CPU programs, showing drastic changes in cache access patterns

over tens of millions of cycles. (b) Cache miss ratio for wrf with

varying cache sizes during a random 20-million-cycle time slice. The

dotted line is generated by applying interpolation to UCP, and the

shaded area is the error with this approach (§2).

stage requires a timely partition. Figure 1(b) shows a small reduction
in cache space often leads to a drastic increase in the cache miss
ratio. As a result, a high-granularity spatial partition is a must.

However, existing cache partitioning mechanisms [7, 20, 29] can-
not simultaneously achieve fine-grained partitioning in both time
and space. Software approaches [7, 29] work on commodity hard-
ware, achieving relatively fine-grained spatial partitioning. How-
ever, software prevents the partition mechanism from responding
quickly to phase changes, resulting in coarse temporal granularity.
Hardware partitioning approaches, for example UCP [20], enhance
the underlying hardware with a specific design for the widely used
set-associative caches. UCP achieves fine-grained temporal parti-
tioning, but the hardware design is limited to coarse-grained spatial
partitioning at the granularity of cache ways.

This paper presents Cachence, a novel hardware cache parti-
tioning mechanism that achieves fine-grained partitioning in both
time and space. The main design challenge in Cachence is main-
taining accuracy. On the one hand, temporal granularity requires
a timely and accurate awareness of phase changes. On the other
hand, spatial granularity needs an accurate performance estima-
tion to fully exploit the opportunity to maximize hit rate, since the
penalty of wrong decisions can be high. Meanwhile, it is necessary
to keep storage and latency overheads as low as possible. As we
detail below, Cachence overcomes this challenge using a set of
novel and effective techniques.

Cachence improves AET [12], a recent advancement in cache
analytical model which, however, lacks a hardware-friendly sam-
pler design. AET takes the reuse time of memory access as the
input, and it is unacceptable for hardware to record all memory
accesses to obtain an accurate reuse time distribution. Cachence
uses improved reservoir sampling in the AET model with a fixed
buffer size for hardware implementation, achieving faster sampling
speed and enabling timely cache partitioning.

AET also lacks an evaluation of application performance and
only provides cache hit rate. Cache hit rate and performance are
not exactly the same. Allocating resources solely based on cache
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Figure 2: Cache partitioning changes over time with a mix of eight applications. Both DCAPS and UCP barely adjust the partitioning since 1)

DCAPS suffers from a long adjustment interval; and 2) UCP adjusts space at the way granularity and thus miss the opportunities to improve.

hit rate may lead to suboptimal allocation and fail to fully exploit
high-granularity spatial partitioning. To bridge the gap between
allocated cache sizes and performance, Cachence proposes a light-
weight performance model. The model is based on the observation
that, in modern processors, a cache miss hurts performance by
stalling the initiator load, thereby preventing younger dependent
instructions in the re-order buffer (ROB) from execution. As a result,
the performance model estimates the performance reduction due to
a cache miss by using the ratio of (i) the number of instructions in
ROB and (ii) the number of cache misses in the miss status holding
register (MSHR). Cachence then tackles the cache partitioning
problem with dynamic programming [15]. Given the input from
our performance model, it finds the optimal partitioning, departing
from the heuristic algorithms proposed by UCP.

To reduce overhead, Cachence implemented a specially de-
signed hardware cache allocation tool for modern Intel and ARM
platforms. Experiments on a 16-core system show that Cachence
outperforms state-of-the-art mechanisms by an average of 9.5% to
28.2%, and up to 48.8%. Cachence can re-partition the cache in less
than 200K cycles, which is negligible compared to the target adjust-
ing interval (i.e., tens of millions of cycles), while only incurring
less than 1% storage overhead compared to L2 caches.

In summary, we make the following contributions:
• We demonstrate the necessity of fine-grained cache parti-
tioning in both time and space, identifying optimization
opportunities through extensive analysis of the SPEC CPU
benchmarks [1, 4, 11].

• We introduce two effective and hardware-friendly algorithms
and establish theoretical effectiveness: (1) a quick sampling
algorithm that refines reservoir sampling which enables
timely profiling and (2) an accurate performance estimation
model that guides the high-granularity spatial partition.

• We design and implement Cachence, a cache partitioning
approach that realizes the aforementioned new algorithms
in hardware with minimal overhead.

2 Background and Motivation

Cache Partitioning Mechanisms A cache partitioning mecha-
nism works in repetitive iterations where each iteration consists
of two phases: the profiling phase and the partitioning phase. In
the profiling phase, the mechanism collects information on cache
access and calculates the Miss Ratio Curve (MRC) [19] for each
application. Some mechanisms include a performance model that
builds on the MRC to estimate, given the allocated cache size, the
performance of an application. In the partitioning phase, the mech-
anism decides how to partition the cache among applications to
maximize performance. This partitioning is based on predictions
from the performance model (or the MRC), with more cache spaces
allocated to applications that benefit most from larger cache sizes.

Why Fine-grained Cache Partitioning To motivate fine-grained
cache partitioning, we analyzed the cache access patterns for all
workloads in SPEC CPU 2006 [11] and 2017 [4] with ChampSim [8]
(using the same experimental setup as shown in §5).

From Figures 1(a) and 1(b), we observe that cache partitioning
must be fine-grained with respect to time and space to improve
system performance. Figure 2 compares existing cache partition-
ing mechanisms on a representative workload mix. As shown in
Figure 2, Cachence performs more timely and high-granularity
partitioning, thereby outperforming others by 15%. To be specific,
Cachence adjusts the cache partitioning 10 times in 200M cy-
cles and Cachence allocates cache space at the granularity of
256KB. This allows workloads to have minimal cache immedi-
ately after it changes to a cache-insensitive phase. Figure 2 shows
that xalancbmk is cache-insensitive during the period between
420M and 450M cycles. Cachence is able to respond timely and
reduce the cache size allocated to xalancbmk immediately. The high-
granularity allows low occupancy down to 256KB, sparing more
space for cache-sensitive applications. In contrast, UCP has a fine-
grained partitioning in time, but failed to decreas xalancbmk’s occu-
pancy due to its coarse granularity. DCAPS allows fine-grained par-
titioning in space, but cannot respond quickly enough and misses
the cache-insensitive phase of xalancbmk.
Existing Cache Partitioning Approaches Most existing soft-
ware approaches use Intel CAT [6] for cache partitioning, which
supports only the space partitioning granularity of a cache way.
KPart [7] and DCAPS [29] achieve fine-grained partitioning in
space by allocating a cache way to a cluster that consists of multi-
ple applications. However, these approaches are still sub-optimal,
since they neglect cache contention within a cluster. Moreover,
their phase needs to be as long as hundreds of million cycles to
obtain MRC. DCAPS uses Precise Event-Based Sampling (PEBS) [9]
to sample cache accesses. KPart obtains the MRC by gradually
reducing allocated cache space for the application and reading the
performance counter.

The inherent limitations of software motivate the use of hard-
ware methods. UCP [20] is a low-overhead, high-performance, hard-
ware mechanism to partition shared caches, but still partitioning at
the cache way granularity. Specifically, for each application, UCP
enumerates the remaining number of unallocated cache ways and
calculates the ratio of the increase in cache hits to the increase
in cache sizes. With modern caches, this granularity is at least an
order of magnitude larger than the granularity Cachence targets.

UCP also suffers from low accuracy for the lack of a performance
model; it simply assumes that minimizing the total number of LLC
misses across all applications leads to the best performance. How-
ever, this assumption is inaccurate because different applications
are affected by cache misses to different degrees. What’s more, UCP



Core

L2C

Monitor

LLC

Performance
Predictor

MRC

IPCC

RTFT

Partition
Generator

RES

PART

IPCC

RTF2IPC DP-FSM

Reuse Time
Collector

RTFT

Ctrl Registers

Profiling Phase Partitioning Phase

CAB

Figure 3: Overview of Cachence

uses a heuristic algorithm to find the cache partitioning. The above
shortcomings prevent UCP from providing spatial fine-grained par-
tition, although the hardware supports timely phase awareness.

3 Design

3.1 Design Goals

We design Cachence to meet the following design goals.
• Timeliness. Cachence should react to phase changes
promptly to keep up with the evolving phase behavior of
modern applications.

• Accurate performance prediction. The performance pre-
diction in Cachence must be accurate enough to support a
high-granularity cache partition.

• Hardware-friendliness. Cachence must be hardware-
friendly in order to fully exploit the performance benefits
offered by the hardware.

• Low overhead. Cachence must have minimal storage and
latency overhead.

3.2 Overview

Figure 3 shows the overall architecture of Cachence. To provide
real-time cache status for timely responses, each L2 cache is paired
with a reuse time collector (Collector) that continuously mon-
itors all L2 cache misses off the critical path and profiles the cache
access patterns of that core. Being specially designed, the Collector
is hardware-friendly and provides quick data collection.

For accurate performance prediction, a simple per-core monitor
module collects the relevant information for performance estima-
tion, including the number of outstanding requests in the core’smiss
status holding register (MSHR) and re-order buffer (ROB). A global
performance predictor (Predictor) calculates the estimated IPC
for each core. Predictor first converts the cache access patterns
received from Collector to MRC and then uses the information
from the monitor to convert MRC to estimated IPC.

Finally, another global module partition generator

(Partitioner), which ensures the low overhead of Cachence, gen-
erates an accurate final partitioning plan from the estimated IPCs
of each core. Partitioner also implements a specially designed
hardware partitioning tool, which dispatches the partitioning plan
to the control registers inside the LLC controller.
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Figure 4: (a) Examples of reuse time and its frequency. 𝐴𝑖 : the 𝑖-th

access to address A. (b) Status of the reuse time collector after adding

𝐴2 before adding 𝐴3 in the example steam shown in the left.

3.3 Reuse Time Collector

The reuse time collector (Collector) monitors the L2 cache misses
to collect information about the core’s memory access pattern. It
collects the reuse time and its frequency for the cache accesses,
which are key inputs to the AET model to generate MRC.
Reuse time and its frequency. The reuse time denotes the num-
ber of cache accesses between the current access and the prior one
that accesses the same memory address. If there is no prior access
to the same address, it is a cold miss and should also be counted. A
shorter reuse time reflects a shorter interval between subsequent
accesses, and the access is more likely to hit the cache even with
a small cache size, and vice versa. The AET model collects reuse
time, calculates reuse the time distribution, and predicts the MRC
with a mathematical model. We use the "reuse-time frequency"
to represent the distribution of all reuse times in a given stream
of cache accesses (including cold misses). Figure 4(a) presents an
illustrative example of reuse time and reuse time frequency.

Figure 4(b) illustrates the high-level baseline design of the
Collector. The cache access buffer (Access Buffer) stores
the cache access stream, the reuse time frequency table

(Frequency Table) maintains the reuse time frequencies, and
a Timestamp Counter increments for each cache access. Each
Access Buffer entry contains the target memory address, a
timestamp, and a last bit. The last bit indicates whether this
entry is the last access to the target address, which is also a valid
bit for sampling, since storing all memory accesses is impossible.

The challenge of sampling in collecting reuse time is that com-
puting the reuse time requires the timestamps of two consecutive
accesses to the same address. However, either of the two accesses
may not be sampled, causing the computed reuse time to deviate
from the true value. For example, there are 3 consecutive accesses
𝐴1, 𝐴2, and 𝐴3 to the same address 𝐴 at times 𝑇1, 𝑇2, and 𝑇3. 𝐴1
and 𝐴3 are sampled. Unaware of 𝐴2, the Collector will find the
last access to address 𝐴 is 𝐴1 and regard the reuse time of 𝐴3 as
𝑇3 −𝑇1, which is incorrect. Cachence uses the last bit to repre-
sent whether the entry is available for calculating. When𝐴2 arrives,
although it is not sampled, the Collector will unset the last bit of
𝐴1, preventing the incorrect reuse time result for 𝐴3.

More specifically, when the Collector detects a L2 cache miss,
it increments the Timestamp Counter and looks up the entire
Access Buffer to see if there is an entry with the same address and
the last bit set. If so, the Collector calculates the reuse time of this
access as the difference between the current Timestamp Counter
and the timestamp of the matching Access Buffer entry. If there
is no entry with the same address, or the last bit of the entry
for that address is not set, the Collector regards this access as



a cold miss according to AET model and assigns infinity as the
reuse time value. Later, the Collector increments the counter in
the Frequency Table corresponding to the reuse time and creates
a new Access Buffer entry for this access, with the last bit set
and timestamp being the current Timestamp Counter. Figure 4(b)
shows an example of the aforementioned process.
High-accuracy hardware-friendly sampling with bounded

buffer size. In an ideal design, the Access Buffer should store
all cache accesses to accurately capture the reuse time distribu-
tion, but this is infeasible in hardware practice. Following prior
cache partitioning approaches [7, 20, 29], Cachence samples cache
accesses to minimize storage and performance overhead. Unlike
prior approaches, Cachence utilizes a more accurate and hardware-
friendly sampling algorithm that provides a theoretical guarantee
and only requires a fixed amount of buffer size, making it practical
for hardware implementation, as we detail below.

Reservoir sampling assumes a buffer with a fixed size of 𝐸. The
𝑁 -th cache access in the stream has a probability of 𝐸/𝑁 being
sampled (i.e., added to the buffer). If the buffer is full and a new
access is sampled, a random entry is evicted. Reservoir sampling
is highly accurate (i.e., minimal errors in the collected reuse time
frequency) since it mathematically guarantees even sampling: at
the end of a cache access trace of length 𝐿, each access remains in
the buffer with an equal probability of 𝐸/𝐿.
Optimization: Minimizing performance overhead by exploit-

ing composability. We further reduce the overhead of Cachence
with the insight that the reuse time frequency is composable [12].
Given a set-associative cache, the reuse time frequency of a cache
access stream can be obtained from the reuse time frequency of its
individual sets. The composability of the AET model states that for
two applications with their own reuse time frequencies and access
rates, one can weight the two reuse time frequencies by their access
rates and sum them up to get the overall reuse time frequency of the
combined access stream. The new reuse time frequency accurately
reveals how two applications work together in a shared cache.

Therefore, to generate an application’s reuse time frequency in
a set-associative cache, Cachence treats each set as an indepen-
dent application with a small Access Buffer. Cachence samples
multiple sets to generate their reuse time frequencies separately
and leverages the composability of AET to generate the overall
reuse time frequency. To avoid calculation for access rates of each
set, Cachence groups multiple sets into a sampling group with a
shared Access Buffer taking them as similar access rates.
CalculatingMRC. We follow the standard process described in the
AET model [12] to calculate the MRC from the Frequency Table by
Predictor. First, from the Frequency Table, the Predictor calcu-
lates the complementary cumulative distribution function (CCDF)
of the reuse time. Then, for each cache segment, the Predictor
sums the CCDF values one by one and searches for an index whose
sum exceeds a corresponding predefined fixed threshold in AET.
The indexed value in the CCDF is the miss ratio for the cache seg-
ment. We optimize the above process by first scaling CCDF (and
the threshold) up by the number of L2 misses, thereby converting
the floating-values in CCDF to integer values, which are easier for
hardware to handle. Later, to maintain correctness, the Predictor
divides the misses by the number of L2 misses.

3.4 Accurate Performance Prediction

IPC does not change with miss rates in a linear way [10]. Therefore,
Cachence includes a performance model that converts miss rates
generated by §3.3 into IPC estimations. With the predicted IPC,
Cachence can then determine the optimal cache partition scheme.

Unlike some prior work [7, 20], Cachence uses a hardware-
friendly performance model that requires minimal hardware modi-
fication. Our performance is obtained from the formula [10].

𝐶𝑃𝐼 =𝐶𝑃𝐼𝐸𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛 + #𝑀𝑒𝑚𝑜𝑟𝑦 𝐴𝑐𝑐𝑒𝑠𝑠

#𝐼𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛𝑠 ∗𝑀𝑖𝑠𝑠 𝑅𝑎𝑡𝑒 ∗ 𝑃𝑒𝑛𝑎𝑙𝑡𝑦

LLC misses will stall CPU execution for a period, so we simplify
the model by taking the average memory access penalty as the
𝑃𝑒𝑛𝑎𝑙𝑡𝑦 and LLC miss rate as the 𝑀𝑖𝑠𝑠 𝑅𝑎𝑡𝑒 . In the profiling phase,
Cachence collects the number of executed instructions, LLC status,
and the cumulative memory access penalty for each core (§3.5). LLC
status includes the number of LLC accesses and misses. Then, with
the miss rates of different cache sizes generated in §3.3, Cachence
calculates the 𝐶𝑃𝐼 with the formula above under a certain cache
size. Cachence can estimate the target IPC in different cache sizes
in the performance model.

Cachence’s cache partitioner is motivated by the observation
that cache partitioning can be formalized as a resource allocation
problem, a field widely studied in mathematics [15]. Specifically, the
resource allocation problem assumes 𝑆 units of resources (𝑆 cache
segments in our case), 𝑁 activities (𝑁 cores), where each activity is
associated with a return function 𝑟 (𝑖) (the IPC table), denoting the
return with 𝑖 units of resources. Cachence implements dynamic
programming to find an allocation plan to maximize the sum of
returns (the aggregate IPC).

3.5 Implementation and Practicality

Hardware Modification. Cachence requires a few hardware
modifications to implement the performance model, following prior
work [13, 20, 24]. First, Cachence needs a counter for each core
to record committed instructions in the sampling period. Second,
cachelines in the cache need to be extended with core IDs to identify
the source application of each cache access, as suggested in ARM
MPAM [16]. Each LLC core has two counter registers to count LLC
accesses and misses during the sampling period. Finally, Cachence
extends the MSHR of the LLC, adding a timestamp to each entry to
cumulate the penalty. With the timestamp, Cachence calculates
the memory access penalty of the LLC misses for each core and the
average memory access penalty after the sampling period.

Cachence associates each core with an occupancy register and
a target cache usage to enforce the partitioning plan [16, 18]. The
occupancy register records the current cache usage of each core,
while the target usage register holds the allocated cache size de-
cided by the partition generator. Upon eviction, Cachence first
compares the occupancy register of each core with the target us-
age register, checks whether it exceeds the target usage. Second,
Cachence picks up the cache lines by core ID, whose occupancy
register exceeds the target usage register, as eviction candidates.
If there is no eviction candidate, Cachence passes all the cache
lines to the replacement policy, as there is no partitioning viola-
tion. Otherwise, the filtered eviction candidates are passed to the
replacement policy, which selects one cache line to evict. Storage



Processor 4/8/16 cores, 2GHz, 128-entry load queue,
352-entry ROB

L1 Cache private, split 64KB I/D-cache/core,
64B line, 4-way, 2-cycle latency, LRU

L2 Cache private, 512KB/core, 64B line, 8-way,
10-cycle latency, LRU

LLC Cache shared, 2MB/core, 64B line, 16-way,
20-cycle latency, LRU

DRAM 2 channels, 3200MT/s, tPR 12.5ns,
tRCD 12.5ns, tCAS 12.5ns

Table 1: Simulated system configuration

Overhead. Cachence leverages on-chip SRAMs to store various
data structures. For brevity, we assume that the system contains 𝑁
cores, sharing 𝑆 LLC segments. Cachence consists of 𝑁 per-core
Collectors, one Predictor, and one Partitioner. We fix the num-
ber of Access Buffers in each Collector. For example, there are 16
entries in the Access Buffer, every 64 bits. The Frequency Table
is overprovisioned with 2𝑆 entries to provide sufficient accuracy to
the MRC calculation. Each Frequency Table entry holds a 32-bit
counter, requiring 2𝑆 × 32 = 64𝑆 bits. The global Predictor con-
tains a CCDF table of the same size as the Frequency Table. It also
contains the MRC and IPCC, each with 𝑆 entries of two bytes. As
an example, for a 16-core system with 64 LLC segments (16MB),
Cachence requires about 34.5 KB storage in total, which is negligi-
ble compared to the LLC.
Calculation Overhead. We leverage a dedicated Predictor for
performance prediction (§3.4) and a DP-FSM (dynamic program-
ming finite-state machine) for partition scheme generation which
accesses the SRAMs directly. The access latency of SRAM and the
overhead of basic arithmetic operations are both assumed to be
one clock cycle, according to the specifications of a modern micro-
processor in [2]. For floating-point computation, FP16 is used as
the numeric format, with addition/subtraction, multiplication, and
division requiring 2, 5, and 20 cycles, respectively. In the partition-
ing phase (§3.4), the Predictor traverses the Frequency Table to
calculate the CCDF and MRC, which incurs 4𝑆 integer additions
and 𝑆 floating-point divisions, along with 7𝑆 SRAM accesses. Later,
to calculate the estimated IPC for every number of LLC segments
allocated to the core, the Predictor performs one floating-point
subtraction and one multiplication. In total, the performance pre-
dictor requires 40𝑆 cycles to compute all the estimated IPCs for
each core. A dynamic programming will consume about 𝑂 (𝑁𝑆2)
time to find the optimal partitioning scheme, corresponding to
2𝑆 (𝑆 +1) cycles. For example, in a 16-core system with 64 segments,
the performance prediction consumes 40K cycles, while the parti-
tion generation consumes another 131K cycles, which is negligible
compared to the profiling stage (tens of millions of cycles).

4 Methodology

We implement Cachence in ChampSim [8], a cycle-accurate sim-
ulator that models the entire memory system. Table 1 shows the
detailed configuration of the simulated system.

We evaluate Cachence using workloads from SPEC CPU
2006 [11] and 2017 [4] with DPC-3 [1] traces. Each workload is
categorized as either cache-sensitive or cache-intensive, according
to whether its IPC increases by at least 5% when the LLC capacity

Cache sensitive Cache intensive

SPEC
CPU
2006

bzip2 lbm leslie3d hmmer
gcc1 omnetpp bwaves1 wrf
gcc2 cactusADM bwaves2 mcf
zeusmp sphinx3 GemsFDTD milc
astar xalancbmk

SPEC
CPU
2017

mcf_s cam4 bwaves_s1 gcc_s
pop2 omnetpp_s bwaves_s2 lbm_s
wrf_s roms fotonik3d
xz xalancbmk_s cactuBSSN

Table 2: Evaluated workloads

is quadrupled from 2MB to 8MB. Table 2 lists the workloads in both
categories. To form proper workloads for a multi-core system with
𝑁 cores, we create workload mixes, each comprising 𝑁 /2 randomly
picked cache-sensitive and 𝑁 /2 cache-intensive workloads, and we
run each workload on a separate core [7, 29]. In each experiment,
we first simulate for 200M cycles to warm up the cache hierarchy,
and then continue for another 2B cycles for measurement. Similar
to DPC-3 [1], if the trace of a workload finishes early, we replay it
until the simulation ends.

We select the LRU replacement policy without LLC partitioning
as the baseline for performance comparison. We use the aggregated
IPC from all applications 𝐼𝑃𝐶𝑠𝑢𝑚 =

∑
𝐼𝑃𝐶𝑖 as the main performance

metric, which is common in the literature [20, 29]. We define the
speedup achieved by a cache partitioning scheme as the ratio of its
aggregated IPC over that of the baseline.

We compare Cachence with three state-of-the-art cache parti-
tioning mechanisms, i.e., UCP [20], DCAPS [29], and KPart [7]. To
minimize the impact of software profiling, for DCAPS and KPart,
we allow them to obtain MRC from the UCP hardware during
warm-up and apply their cache partitioning schemes during the
main simulation to cover the overhead of their partitioning phase.

5 Evaluation

In this section, we first explore the design space of Cachence to
obtain the best configuration for the following experiments. Later,
we evaluate Cachence in comparison with other cache partitioning
schemes to demonstrate Cachence’s performance benefits.

5.1 Design Space Exploration

Cachence has several parameters that can be tuned to achieve
the best performance. The most important one is the time interval
between two consecutive cache partitioning adjustments. Figure 5
shows the performance of Cachence across various time intervals,
from 5M cycles used in UCP [20] to 100M cycles, as in software
methods [7, 29]. Figure 5 shows that Cachence achieves the best
performance when the adjustment interval is 40M cycles, 7% better
than the baseline on average. For adjustment intervals smaller than
40M cycles (e.g., 5M cycles), the time is too short for applications
to set up stable phases, which makes it hard to collect representa-
tive reuse time statistics and generate high-accurate MRCs for the
application, thereby leading to suboptimal partitioning decisions.
For larger adjustment intervals, applying partition decisions, even
when stable, lags behind the changes in the application’s execution
phase and cache access pattern, leading to lower performance. We
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therefore choose a 40M cycle as the optimal adjustment interval
for the following experiments.

5.2 Comparison with State-of-the-Art

Figure 7 shows the performance of various cache partitioning
schemes. In a 4-core system, on average, Cachence achieves about
6% performance improvement over the baseline due to its fine-
grained partitioning scheme.DCAPS achieves a 4% performance
improvement, while UCP and KPart even deteriorate the system
performance. While KPart effectively isolates cache-sensitive ap-
plications from cache-intensive ones but clusters cache-sensitive ap-
plications together, which neglects the partitioning between cache-
sensitive applications. DCAPS, on the other hand, achieves better
performance with its empirical parameters.

The performance benefit of Cachence can be better illustrated
with more cores. As shown in Figure 7, in an 8-core system,
Cachence outperforms the baseline by 11.1%, while UCP, KPart,
and DCAPS can barely improve performance in almost all the work-
load mixes. For UCP, because it relies on way partitioning when the
core count approaches the LLC associativity, it fails to partition the
cache, as it needs to reserve one way per core. DCAPS and KPart
are limited by their overly coarse adjustment interval which fails
to capture the fine-grained phase changes in the applications.

In a 16-core system, Cachence also achieves 9.1% performance
boost over the baseline, while UCP, KPart, and DCAPS still strive
to improve performance. In this case, UCP is degraded to allocate
only one way per core, leading to a significant performance drop.
While KPart suffers from its cluster method, which neither allo-
cates cache space to cache-sensitive applications nor limits the
cache space for cache-intensive. With increased workloads, the sys-
tem’s environment changes, but DCAPS’s empirical parameters fail
to adapt to, leading to a performance drop. Figure 6 further shows
the performance improvement achieved by various cache partition-
ing schemes across all workload mixes sorted by the speedup of
Cachence. It shows that Cachence outperforms other schemes
in almost all workload mixes, with only 10 exceptions out of 100
mixes in which DCAPS achieves higher performance. For several
mixes, Cachence even boosts their performance by more than 20%.
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6 Related works

This section presents other related work.
Vantage [22] and Futility Scaling [25] leverage the structure

of zcache [21]. Zcache is an implementation of skew-associative
cache [23], with one cache address map to different cache sets based
on the hash of the address. Vantage and Futility Scaling use this
property to partition the cache space among applications, and they
proposed a mathematical model to decide the partitioning scheme.

The Floria [30] uses reverse engineering to understand the cache
structure by deploying an interference program that frequently
reads and writes to the target program’s cache, restricting the cache
usage to a specific range. However, this method can gather only
basic information for a single target program at a time and requires
deep knowledge of hardware mechanisms.

The footprint method [28] is a widely used method to calculate
MRC. Xiang [27] divides the accesses into multiple intervals with a
fixed length and then calculates the footprint, thereby generating
the MRC for an application. Wang [26] uses footprint theory to
analyze and quantify mixed program execution, proposing an adap-
tive bursty footprint sampling strategy to schedule mixed program
execution scenarios; However, it needs a space to store the access
information, which is not suitable for hardware implementation.

7 Conclusion

This paper presents Cachence, a novel hardware cache partition-
ing mechanism that simultaneously achieves fine-grained space
(with a granularity of hundreds of kilobytes) and time partitioning
(re-partitions every hundreds of million cycles). Cachence pro-
poses three novel techniques that are highly accurate with minimal
storage and space overhead. First, Cachence leverages the AET
model to construct MRC by collecting reuse time distances in cache
accesses with a bounded buffer size. In addition, Cachence refines
the reservoir sampling algorithm by exploiting unused space to
improve accuracy while proving that it still satisfies the equal-
probability sampling property. Second, Cachence proposes a light-
weight yet effective performance model that collects a few statistics
from the ROB and MSHR. Finally, Cachence shows that dynamic
programming can be used to find the optimal cache partitioning
plan. Our extensive evaluation shows that Cachence significantly
outperforms existing approaches in the majority of scenarios.
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