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Abstract—Serverless computing has become a popular
paradigm for deploying event-driven services, allowing developers
to focus purely on their service logic and leave infrastructure
management to cloud providers. However, serverless functions are
short-lived and heavily interleaved, causing them to execute with
cold microarchitectural state and lose much of the performance
benefit normally delivered by modern caches. We show that
ineffective management of the last-level cache (LLC) is a primary
contributor to this overhead. This paper presents HarmoniCa,
a dynamic, fine-grained LLC management system that requires
no hardware or application changes. HarmoniCa introduces
a slice-aware LLC partitioning mechanism that leverages the
linear structure of Intel’s slice-hashing function to construct
lightweight set–slice partitions, improving partitioning granularity
and reducing partitioning overheads by up to 7× compared
to existing techniques. Building on a detailed characterization
of serverless cache behavior and using our novel partitioning
technique, HarmoniCa learns each function’s sensitivity to cold
LLC, and dynamically allocates shared and private LLC partitions.
Across a range of serverless workloads, HarmoniCa improves
the performance of cache-sensitive functions by 34.7%, without
notably harming the performance of other co-located functions.

Index Terms—serverless computing, cache partitioning.

I. INTRODUCTION

Major cloud providers continue to invest heavily in server-
less computing, particularly Function-as-a-Service (FaaS) [1].
Amazon AWS [2], Azure [3], Google Cloud [4], and Alibaba
Cloud [5] all operate large-scale FaaS platforms that power
microservices [6], data pipelines [7], [8], and a growing class of
ML workloads [9]–[11]. This paradigm benefits both developers
and providers: developers express applications as stateless,
event-triggered functions without managing deployment, while
providers handle infrastructure, placement, and scaling, en-
abling higher resource utilization and lower operational costs.

However, modern processors that execute these serverless
functions still rely on microarchitectural optimizations origi-
nally designed decades ago for monolithic, long-running pro-
grams. In contrast, serverless workloads exhibit vastly different
behavior that renders many of these traditional optimizations far
less effective [12]–[14]. In particular, serverless workloads are
extremely short-lived (sub-second, often sub-millisecond) [15]–
[17], and yet, have long inter-arrival time (IAT) measured in
seconds or minutes [18]. For example, Huawei reports a median
execution time of 5ms, while over 97% of functions have an

average IAT longer than 1s [19]. Azure reports that 81% of its
serverless functions are invoked no more than once per minute,
with execution times over two orders of magnitude shorter than
their average IAT [18]. Similar trends are also observed on
Amazon AWS [20].

The short-lived nature of these functions leaves too little
time for traditional stateful microarchitectural optimizations,
such as caches and branch predictors, to warm up and produce
meaningful benefit. Meanwhile, the long inter-arrival times
of these functions prevent any useful microarchitectural state
from carrying across invocations, as intervening workloads
running on the same processor pollute these microarchitectural
structures. Thus, serverless functions often run on cold microar-
chitectural state, leading to over 2× slowdown compared to
execution with warm microarchitectural state [12]–[14], [21]–
[23].

Unfortunately, existing approaches to address the cold mi-
croarchitectural state hinge on hardware changes. For instance,
recent work proposes either designing entirely new microarchi-
tectures tailored to serverless workloads [24], modifying exist-
ing microarchitectural mechanisms by partitioning hardware
resources [13], or restoring state into these structures [12], [14],
[21]. These approaches, however, require hardware changes
that are costly and slow to deploy, and maintaining different
processor designs for different workload types is undesirable.

In this paper, we take a different approach: we show
that much of the cold microarchitectural state problem can
be mitigated using software-only techniques on commodity
hardware, without changes to applications or hardware. We
propose HarmoniCa, a novel fine-grained, software-only cache
management system that delivers the bulk of performance
benefits demonstrated in prior work [12], [13] without requiring
hardware modifications.

We first conduct a systematic study of the microarchitectural
resources that contribute to the cold state problem. Prior
work [12], [14], [21] identifies CPU frontend stalls, due to
icache misses and branch mispredictions, as the primary source
of the performance degradation, and thus prioritizes optimizing
front-end resources. In contrast, our analysis shows that the
LLC plays a more significant role: while at the pipeline level
most stalls stem from frontend issues, mitigating cold LLC
state accelerates the warmup of many structures, alleviating



both frontend and backend stalls.

While LLC partitioning [25]–[32] is a well-established
technique for isolating workloads and mitigating interference,
applying it to serverless remains a significant challenge. We
show that existing cache partitioning solutions fail to deliver
any performance gain, as both their partitioning mechanisms
and their management strategies are ill-suited for serverless
workloads.

Intel Cache Allocation Technology (CAT) and page-coloring
set partitioning [27], [28], the primary partitioning mechanisms
used today, both provide only a limited number of partitions.
CAT exposes less than 16 classes of service, while traditional
cache-coloring set partitioning approaches [27], [28] provide
at most 32 for unmodified applications on our platform.
Moreover, both set and way partitioning significantly degrade
performance as the number of partitions increases. Way
partitioning reduces the associativity available to each partition,
while set partitioning limits usable L2 capacity, as L2 index
bits are often shared with the LLC.

To address these limitations, we develop a novel partitioning
mechanism with the highest granularity to date. By leveraging
the LLC slice as an additional partitioning dimension and
combining it with CAT’s way partitioning and traditional set
partitioning, HarmoniCa provides fine-grained control over
LLC capacity (with up to 1536 partitions) without restricting
each function’s usable L2 cache or sacrificing associativity in
most scenarios.

Existing software-based cache management strategies target
long-running, concurrent programs that contend for LLC
capacity, where underutilized cache can be dynamically resized
to improve overall utilization [25]–[29], [33]. However, such
an approach is unsuitable for serverless workloads, where
preserving a function’s state across invocations is critical, as
reassignment would discard that state. Moreover, the large
number of inactive functions, often on the order of hundreds
to thousands per node [34], makes replacement decisions
among contending functions crucial. We observe that serverless
functions exhibit streaming and thrashing access patterns that
render simple LRU-based policies ineffective.

HarmoniCa overcomes these limitations by introducing a
runtime cache management system that dynamically manages
LLC resources using novel policies derived from our study
of serverless workloads. HarmoniCa employs a stream- and
thrash-resistant allocation strategy, adaptively sizes partitions
to match functions’ demands, and exploits opportunities to
share cache across functions with shared memory (e.g., those
using the same language runtime).

Our evaluation on a recent Intel processor with Azure
invocation traces shows that HarmoniCa improves the median
latency of cache-sensitive serverless functions by up to 87.3%,
with a 34.7% average improvement. Further, HarmoniCa
remains effective across different system loads and service
densities.
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Fig. 1. Slowdown of functions due to interleaving.

II. MOTIVATION

In this section, we analyze how cold microarchitectural states
cause slowdowns and explain why LLC replacement policies
fail for serverless functions. Finally, we show why prior cache
partitioning approaches fall short in serverless.

A. Cold Microarchitectural State

Prior work [12], [13], [21]–[23], [35] observed that serverless
functions receive little benefit from microarchitectural structures
such as caches and branch predictors, as core oversubscription
and frequent context switches pollute these microarchitectural
state. More specifically, the inter-arrival time of functions is
often so long that many other intervening functions execute
between two consecutive invocations of the same function.
According to Mosaic [13], for 21% of consecutive invocations
of a given function, its invocations are separated by the
execution of at least eight other functions on the same core.
Unfortunately, executing those eight or more intervening
functions is enough to evict most microarchitectural state,
leaving little to no useful information for the next invocation.
Furthermore, unlike long-running monolithic programs, the cost
of microarchitecture warming up can hardly be amortized by
the short runtime of serverless functions, which often last for
milliseconds or less [18], [20], leading to severe performance
overhead.

To begin, we design an experiment to quantify the impact
of interleaved function execution on the performance of
serverless workloads. We use 13 functions from the vSwarm
benchmark [36]. For each function, 3 instances are created,
adding to 39 services in total. Each service is invoked
using exponential distribution. We measure each function’s
latency under three scenarios: (1) running each function alone
without interleaving with other functions (isolated execution),
(2) interleaving functions to reach 40% CPU load, and (3)
interleaving to reach 60% CPU load. The full experimental
setup, including the details of our server, is presented in §VII.
Figure 1 summarizes the results, showing up to 1.8× slowdown
(with a geometric mean of 1.50×) under 60% CPU load
compared to isolated execution. This is consistent with the
results reported by previous work [12], [21], [23].

In addition, we quantify how the coldness of different
microarchitectural structures contributes to overall performance
degradation. To that end, we use hardware performance counters
to measure miss rates of major stateful components, including
caches, branch predictors, and translation lookaside buffers
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Fig. 2. Impact of cold caches on AUTH-PY. The left y-axis shows p50
latency under thrashing at different cache levels, and the right y-axis shows
corresponding miss rates (MPKI). Cold LLC causes the largest slowdown
(40%), while cold L1 and L2 have minimal impact.

(TLBs). We observe a sharp increase in LLC miss rates
across all benchmarks once interleaving begins. For instance,
AUTH-PY shows a 4.5× increase. Branch predictor accuracy
also degrades, with an average 1.3× increase in mispredictions
across all the functions, while TLBs show only a ∼1% rise in
miss rate.

Performance counter results hint that memory-related struc-
tures (both instruction and data), contribute most to the
observed slowdown. To quantify this effect, we repeat the same
experiment but prevent the interleaving functions from evicting
LLC state by assigning each target function an exclusive LLC
partition. Note that this setup keeps the interleaving impact on
on-core structures (e.g., L1/L2 caches and branch predictors)
unchanged, while isolating only the effect on the LLC. With this
isolation, the overall performance overhead drops significantly.
For example, the slowdown of AUTH-PY decreases from 24%
to only 9%. This result indicates that most of the interference
responsible for performance degradation is caused by the LLC
state loss across invocations.

To confirm this, we conduct an experiment that isolates
the impact of coldness at different cache levels on function
performance. We introduce controlled cache pollution by
inducing thrashing between consecutive invocations, using
buffers of increasing sizes to target specific cache levels.
Figure 2 shows results for AUTH-PY. A cold LLC incurs the
largest overhead (40%), while cold L1 and L2 have minimal
impact, with largely unchanged miss rates. Because L1 and L2
are small with low miss penalties (tens of cycles), they warm
up quickly and their cost is easily amortized. In contrast, the
larger LLC has higher miss penalties (hundreds of cycles due
to DRAM access) and takes longer to warm up. Similar trends
hold across other functions as can be observed in Table I.

We also find that both instruction and data caches contribute
significantly to cold-start overhead. By controlling the physical
pages mapped to different memory regions with page coloring,
we independently pollute instruction and data caches. Results
are shown in Table I. Overall, data cache pollution dominates
for Python and Node.js, whereas instruction cache pollution is
more costly for Go.

Unlike prior work [12], [14], [21], which focuses mainly
on frontend stalls, we show that mitigating cold LLC state
accelerates the warmup of several structures, alleviating both
frontend and backend stalls.

B. Inefficiency of LLC Management Policies

Next, we discuss why existing hardware-based cache replace-
ment policies remain ineffective for serverless workloads, even
with their built-in stream- and thrash-resistant mechanisms [37],
[38]. Streaming behavior refers to a memory access pattern in
which a program walks through a large data structure such that
each cache block is accessed once and never reused before
eviction. This pattern is common in real workloads such as I/O
streaming [39], database column scans in analytical queries [40],
and garbage-collection passes in managed runtimes [41].

Under a standard least-recently-used (LRU) policy, streaming
behavior introduces fresh cache blocks that, due to LRU’s
recency bias, remain in the cache for a long time despite
never being reused. These blocks effectively outlive more
valuable data and reduce effective cache capacity. To address
this, prior work has proposed replacement mechanisms with
stream-resistant properties, including RRIP [37], which has
been shown in Intel processors [38], [42]. RRIP assigns newly
inserted cache blocks the oldest age so they remain the first
replacement candidate until they are accessed again.

For example, consider a program with a streaming access
pattern that touches one block in every LLC set. If the program
performs a second scan, it will only displace the blocks inserted
during the first scan, rather than evicting other useful data. As
a result, the program can stream through a working set several
times larger than the LLC without evicting useful lines residing
in the cache.

To examine the streaming access pattern of serverless
workloads, we run an experiment where we gradually reduce
the LLC available to each function and measure both latency
and LLC occupancy using Intel’s pqos tool [43]. Figure 3
shows the result for a video analytics function. As shown, the
function occupies over 16MB of LLC, yet its performance
remains unchanged when only 3MB is available. In other
words, over 13MB of the LLC is polluted by accesses with
poor locality. Similar streaming access patterns are observed
in other functions as in Table II.

With the stream-resistance properties described above, we
would expect existing hardware replacement policies to prevent
low-locality data from displacing more useful cache blocks.
However, stream resistance has a fundamental limit: with
each insertion of low-locality data, the ages of all other
blocks increase as well. Eventually, after enough insertions,
an older but useful block reaches the same age as the newly
inserted streaming data and is evicted. This reflects an inherent
tradeoff between recency and stream resistance. Prior work [37]
estimates that the limit of RRIP stream resistance is roughly
< 3× LLC size. In addition, prior studies [42] report that Intel
processors dynamically switch between recency-biased and
stream/thrash-resistant modes depending on observed patterns,
which may further reduce their ability to protect useful data
under mixed or irregular access patterns.

Many serverless functions exhibit streaming behavior. When
several such functions run between two invocations of another
function, due to long inter-arrival times, they can generate



TABLE I
CACHE MPKI AND P50 SLOWDOWN UNDER DIFFERENT THRASHING. FUNCTIONS INSENSITIVE TO COLD CACHE ARE NOT SHOWN.

Condition AUTH (33µs) PROD (37µs) GEO (60µs) PAY (89µs) PRANK (193µs) AES (207µs)
L1 L2 LLC Slow. L1 L2 LLC Slow. L1 L2 LLC Slow. L1 L2 LLC Slow. L1 L2 LLC Slow. L1 L2 LLC Slow.

Warm cache 83.2 25.4 0.6 1.00 60.5 16.8 1 1.00 55.4 15.4 0.7 1.00 103.9 43.2 4.1 1.00 75.4 23.4 1 1.00 48.8 14.9 0.4 1.00
Cold L1 82.9 25.7 0.6 1.00 61.7 17.8 1 1.00 54.9 15.9 0.7 1.00 95.7 41.3 4.3 1.00 75.4 23.8 1 1.00 48.7 15 0.4 1.00
Cold L1∼L2 83.2 27.6 0.7 1.00 60.9 19.5 1.1 1.03 53.9 17.1 0.8 1.00 101.2 43.1 4.6 1.06 75.6 25 1.1 1.01 48.7 16.1 0.4 1.00
Cold L1∼LLC-D 86.2 28.2 7 1.30 64.7 20.9 3.3 1.30 55.3 17.7 2.6 1.10 105.8 44.9 12.2 1.25 78.7 26 7.2 1.26 51.5 16.5 4.7 1.24
Cold L1∼LLC-I 83.7 27.5 10.2 1.15 64.4 20.6 13 1.65 53 16.8 9.6 1.35 102.2 43.3 12.1 1.12 76.3 25.3 8.6 1.10 49.2 16 5.7 1.02
Cold L1∼LLC 86.2 27.9 15.4 1.39 63.7 20 14.1 1.81 55.5 17.5 11.2 1.40 102.5 43.3 18.8 1.29 79.1 26 14.1 1.34 51.3 16.3 9.5 1.26

aggregate cache traffic many times larger than the LLC capacity,
exceeding the limitations of LLC stream-resistance.

Serverless functions are often minimalistic to maximize scal-
ability and parallelism. As a result, each function implements
a small, self-contained unit of computation. This stateless
design naturally leads to streaming access patterns, since data
processed in one invocation is discarded and never reused in
the next. L1 and L2 caches filter any immediate temporal reuse
within their small capacities (majority of accesses), so from
the perspective of the LLC the workload often appears purely
streaming: each cache line is touched once and never revisited.
This behavior is evident in our video analytics function: each
invocation opens a different video file, reads its frames into heap
buffers, preprocesses them into tensors, and feeds them through
the model. These temporary buffers and tensors are specific
to one invocation and become useless afterward, resulting in
substantial LLC pollution, as shown in Figure 3. MXFaaS [44]
confirms that on average there’s 8.7MB per-invocation private
data.

Even without the streaming behavior, invocations of multiple
functions can produce a combined working set far larger than
the LLC’s stream-resistance limit. In this case, the LLC cannot
preserve useful blocks across invocations, causing functions
to begin with a cold LLC and effectively lose its performance
benefits.

Even more advanced LLC replacement policies fail to
preserve useful cache blocks across serverless invocations. We
collect traces of serverless functions and simulate three state-of-
the-art policies [45]–[47] in ChampSim [48]. After a training
period, we invoke AUTH-PY, followed by N other functions,
and measure the fraction of AUTH-PY’s reusable LLC blocks
that remain. As shown in Figure 4, although Belady’s MIN
preserves all reusable state, practical policies lose over 99%
of it after three invocations.

State-of-the-art replacement policies fail in serverless for
several reasons. First, although many policies [46], [47], [49]
strive to emulate Belady’s MIN [50], they have a short and
narrow vision due to hardware budget, limiting their capabilities
to capture invocation patterns in serverless. Second, most
policies [45]–[47], [49], [51]–[53] rely on additional predictors
to learn programs’ memory access patterns, which require
warmup and are susceptible to pollution from interleaved
function executions. Third, most policies [45]–[47], [49], [51]
classify each memory access into different reuse distances. Yet,
memory accesses of serverless functions exhibit different reuse
distances at different phases: short reuse distance within each
invocation, and long reuse distance after each invocation.
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Fig. 3. Estimated LLC occupancy and execution time of VIDEO-ANALYTICS
under different LLC constraints. Performance remains the same as the LLC
occupancy is reduced, indicating LLC is polluted by poor-locality accesses.

TABLE II
BREAKDOWN OF LLC OCCUPANCY (MB) INTO REQUIRED WORKING SET

(WS) AND STREAMING POLLUTION (SP) FOR ALL FUNCTIONS.

Fn. AUT PRO GEO PAY PRA AES RNN VID ZLI IMG CNN WCN
WS 2.3 2.3 1.7 9.0 2.3 1.7 1.7 1.1 0.3 0.6 1.1 0.6
SP 0.6 5.3 5.5 1.1 2.5 2.5 3.2 13.6 12.8 15.2 15.4 16.1

C. Inefficiency of Existing Partitioning Systems

Although existing LLC management systems [25]–[33] avoid
most cache contention among concurrently running programs,
they do not preserve cache states for inactive functions, because
they reassign the cache space of inactive programs to maximize
cache utilization. Therefore, serverless functions will still
experience a cold LLC at each invocation under these LLC
management systems.

Adapting existing cache management systems for serverless
computing is challenging. A naive adaptation is to reserve cache
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Fig. 4. Existing cache replacement policies fail to preserve function’s cache
state across serverless invocations.
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Fig. 6. Invocation patterns of serverless functions.

space for all services, whether active or not. As in Figure 5,
this solution does not scale with the high-density co-location
of serverless functions for two reasons. First, existing cache
partitioning techniques (e.g., cache way and set partition) incur
significant overhead due to reduced LLC associativity and L2
capacity (more in §III). Second, with more and more functions
scheduled onto the same CPU, LLC capacity will become
a bottleneck and each function will be assigned less than it
needs.

Stojkovic et al. designed Mosaic [13] to overcome both
challenges and partitioned cache for serverless computing. They
first proposed a new cache design called cache chunks to
allow fine-grained yet low-cost cache partitioning. To avoid
the cache capacity bottleneck, they designed a new cache
allocation strategy to keep track of the least-recently used
(LRU) services and evict them at cache space shortage.

Although Mosaic shows strong potential on future serverless-
specialized CPUs, it does not scale well on current hardware
(Figure 5). Beyond the lack of fine-grained, low-overhead
cache partitioning, its LRU-based function replacement policy
fails to preserve function state under streaming and thrashing
invocation patterns.
▶ Thrashing invocation patterns: Figure 6a presents a cyclic

invocation pattern of k functions that repeats N times.
When k exceeds the number of partitions available, LRU
will always evict each function before its next invocation,
providing no cache hit at invocation level.

▶ Streaming invocation patterns: Figure 6b presents a
streaming invocation pattern, where each function is invoked
only once and never again, or functions with little cross-
invocation cache state reuse are invoked repeatedly (more
in §IV-A). Under LRU, streaming invocations will evict
the cache space of other functions, reducing cache hit at
invocation level.
Further, while existing cache partitioning improves allocation

efficiency by minimizing per-application footprints, it largely
ignores shared cache state across applications. This leads
to inefficiency in serverless environments, where functions
often share common language runtimes [54], [55]. Although
Mosaic [13] recognizes this, its solution depends on unavailable
hardware extensions.

III. HARMONICA’S SLICE-AWARE PARTITIONING

This section presents a novel slice-aware cache partitioning
approach. Leveraging LLC slice architecture, it achieves finer-
grained partitions while minimizing negative impacts on the
L2 cache.
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Fig. 7. LLC organization of a 12-core Ice Lake CPU.

A. Organization of Modern LLCs

Figure 7 shows the organization and addressing of the
last-level cache in a typical Intel CPU. Modern Intel CPUs
divide the LLC into multiple slices to improve the throughput,
typically one slice per core [56]. Each physical address is
mapped to a slice using a complex hash function that aims to
balance the traffic across slices. Within each slice, cache sets
are indexed directly using specific physical-address bits, and
each set contains W cache ways, where W is the associativity
of the LLC.

B. Limitations of Current Partitioning Mechanisms

One common technique is cache way partitioning using Intel
Cache Allocation Technology (CAT) [26], [57], [58], which
assigns different cache ways to different classes of service.
The minimum granularity, therefore, is one cache way across
the entire LLC, typically between 1/8 to 1/20 of the total LLC
on modern Intel processors. On our Ice Lake machine, this is
approximately 1.5 MB. This is too coarse-grained for serverless
workloads, as some of the functions we evaluate use only a few
hundred kilobytes of LLC. Moreover, way partitioning reduces
the effective associativity of each partition. As the number
of partitions increases, each receives fewer ways, which can
significantly degrade performance for applications that rely on
higher associativity.

Another common technique is cache set partitioning [27],
[58]–[60], which partitions the LLC by assigning each program
memory pages whose addresses map to disjoint cache sets. The
advantage of this approach is that it can be implemented entirely
in software, since the OS can control physical page allocation
without requiring hardware support such as Intel CAT.

However, set partitioning has several drawbacks. First,
supporting unmodified applications limits which address bits
we can control. The OS can only manipulate bits in the physical
frame number that contribute to the LLC set index (e.g., bits
12-16 in Figure 7). On our machine, this gives us control over
only 5 bits, yielding a granularity of 576 KB. While this is
better than way partitioning, it is still too coarse for serverless
functions that require only a few hundred kilobytes of LLC.

Second, set partitioning introduces significant overhead on
partitioned functions because the same set index bits also index
into the L2 cache. On our machine, 4 of the 5 bits are used for
L2 set indexing. As a result, allocating a function 1/32 of the
LLC (576 KB) effectively reduces its available L2 capacity to



f0
slice(x) = x6 ⊕ x8 ⊕ x9 ⊕ x10 ⊕ x14 ⊕ x15 ⊕ x17 ⊕ x18 ⊕ x20

⊕x23 ⊕ x27 ⊕ x30 ⊕ x31 ⊕ x34 ⊕ x36

f1
slice(x) = x6 ⊕ x7 ⊕ x8 ⊕ x12 ⊕ x16 ⊕ x17 ⊕ x20 ⊕ x21 ⊕ x22

⊕x23 ⊕ x24 ⊕ x25 ⊕ x26 ⊕ x28 ⊕ x30 ⊕ x33 ⊕ x35

Fig. 8. Cache slice indexing function on our Ice Lake processor. xi shows
bit i of the address. We show only the lowest two (linear) index bits useful
for cache slice partitioning.

1/192 of the total L2 (∼80 KB). This dramatic and unbalanced
reduction in L2 capacity can severely degrade performance.

C. Cache Slice Indexing Function

To address the limitations of set partitioning discussed above,
HarmoniCa extends partitioning to also take advantage of the
sliced structure of Intel LLCs. We, therefore, first explain how
physical addresses map to slices.

We reverse-engineered the cache slice indexing function
of a 12-core Ice Lake machine, using the method from prior
work [61]. Figure 8 shows the two lower bits of the resulting
index function. We observe that these bits are computed as an
XOR chain of some of the physical address bits that include
both the page offset and the page frame number. At first glance,
this appears to make slice partitioning infeasible, since slice
selection depends on page offset bits that we cannot restrict
without modifying applications. However, in the following
subsection we show that XOR’s linearity over GF(2) allows
us to construct slice-aware partitions without restricting page
offsets. We omit the remaining slice-index bits, which involve
non-linear functions and therefore cannot be leveraged by our
partitioning scheme.

D. Slice-Aware Cache Partitioning

We make the key observation that, even though lower address
bits participate in the cache slice index, we can still improve
our partitioning granularity without controlling those lower bits.
The core insight is that while we cannot force two physical
pages to get mapped to disjoint cache slices, we can guarantee
that no two addresses from two physical pages get mapped
to the same ⟨set | slice⟩ tuple, which is enough for achieving
partitioning.

To that end, we use the physical frame number (PFN) part of
the slice indexing function (the highlighted parts in Figure 8)
as the slice partition ID (SID). For arbitrary addresses from
two physical pages with different slice partition IDs, there are
two possible scenarios:
▶ They have different page offset (PO) bits x6, x7, ...x11. In

this case, the two addresses do not conflict because they are
mapped to different cache sets.

▶ They have the same page offset (PO) bits x6, x7, ...x11.
In this case, the two addresses are guaranteed to not
conflict either because two addresses with different SIDs
and same page offset are guaranteed to map to different
slices. This comes from the linearity of the slice indexing
function. Formally, if SID1 ̸= ˆSID1, then we can guarantee
SID1 ⊕ f(PO) ̸= ˆSID1 ⊕ f(PO).
Figure 9 illustrates this partitioning. With two linear bits of

slice hashing functions, there are 4 possible slice IDs, dividing

Color3Color2Color1Color0slice partition ID for the 12-core Ice Lake CPU
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Fig. 9. Illustration of HarmoniCa’s slice partitioning.

all physical pages into 4 colors. For addresses of different
colors that are mapped to the same cache set, they are mapped
to different cache slice groups, avoiding cache conflicts.

This cache-slice partitioning technique does not degrade
performance by altering the distribution of addresses across
slices. Because page-offset bits still determine the slice in-
dex, each partitioned program continues to access all cache
slices, preserving the available LLC bandwidth. Unlike way
partitioning, it does not reduce LLC associativity, because
each partition still has access to all cache ways. Because
cache-slice partitioning does not partition the address bits used
for L2 indexing (e.g., x12 . . . x6), as it can achieve the same
partitioning effect using higher bits, each partition retains full
L2 capacity, which is essential given L2’s performance impact
(§III-E). With traditional set partitioning, we can create only
two partitions without reducing the effective L2 capacity; with
slice-aware partitioning, we can increase this to eight.

Further, this cache slice partitioning technique works across
all recent Intel processors, as it relies on only the following
assumptions on the cache indexing function: (1) At least one
bit of the slice index is computed using a linear function (e.g.,
an XOR chain) over page–offset (PO) and page–frame–number
(PFN) bits. (2) Any page–offset bit used in the slice–index
hash also appears in the set–index computation.

Both assumptions hold for all recent Intel CPUs. According
to a recent work [62], nearly all Intel client and server CPUs,
regardless of the number of cores (from 2 to 24) and the
microarchitecture (from Broadwell to Meteor Lake), have at
least one linear bit in the slice indexing function (at most 4).
The only exception is an old Broadwell CPU with 18 cores
released in 2016.

E. Comparison with Existing Techniques

To demonstrate the effectiveness of our slice partition-
ing compared to existing techniques, we use the AUTH-PY
benchmark as a case study. We progressively reduce the
LLC available to this function under different partitioning
mechanisms and measure the resulting slowdown. Figure 10
shows the results.

Way partitioning incurs 43.8% overhead when the LLC is
reduced to roughly 2 MB, primarily because it sharply lowers
effective associativity. Set partitioning performs even worse,
with a 62.5% overhead; performance-counter analysis shows
that this degradation is caused by the reduction in effective L2
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Fig. 10. HarmoniCa’s slice-aware partitioning reduces the overhead on
AUTH-PY from 21.9% to 3.1% by alleviating bottlenecks on LLC associativity
and L2 capacity.

capacity caused by set partitioning. Combining way and set
partitioning offers only modest improvement, but still results in
21.9% overhead because it continues to restrict the L2 capacity
available to the function.

In contrast, slice partitioning alleviates pressure on both
LLC associativity and L2 capacity, reducing the slowdown to
just 3.1%—a 7× reduction in partitioning overhead relative
to existing techniques. Importantly, slice partitioning also
improves the partitioning granularity and allows more partitions.
On our Ice Lake machine, compared to set+way partitioning,
our slice-aware partitioning increases the number of supported
partitions from 384 to 1536 and improves the partition
granularity from 48 KB to 12 KB.

IV. PRINCIPLES FOR EFFICIENT LLC MANAGEMENT

With cache-slice partitioning at our disposal, we now discuss
how to apply it effectively to address LLC inefficiencies in
serverless.

A. Stream- and Thrash-Resistant Allocation

To overcome the limitations of static partitioning and LRU
function replacement policy, we propose an allocation strategy
that is both stream- and thrash-resistant.
Stream-resistance. We define a streaming invocation pattern as
one in which some functions that benefit little from preserved
cache state may evict the useful state of others, degrading
overall performance. We identify two main sources of such
patterns.

First, we observe that functions with longer execution time
are insensitive to cold LLC and gain minimal benefit from cache
preservation. Figure 11 quantifies each function’s sensitivity
by measuring slowdown under cold-cache conditions (using a
setup similar to Figure 1). We observe that sensitivity decreases
with execution time: functions longer than 10ms experience
negligible slowdown, as cache warm-up costs are amortized
over their relatively longer runtime.

Second, infrequently invoked functions benefit little from
cache state preserved across invocations. The analysis of an
Azure serverless trace [18] shows that 45% of applications
are invoked at most once per hour, and 81% at most once per
minute. Overall, these 81% of applications account for only
0.4% of total invocations. Allocating cache to such functions
not only yields limited benefit, but also leaves cache space idle
for long periods between invocations, preventing cache space
allocation for frequently invoked functions.
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Fig. 11. Functions with longer execution time in general are less sensitive to
cold cache states. Functions longer than 10ms don’t experience any slowdown.

To prevent streaming invocation patterns from evicting useful
functions, functions that are insensitive to cold LLC or are
infrequently invoked must be excluded from cache allocation.
To learn each function’s sensitivity to cold LLC, we perform
online/offline learning (described in §V-A).
Thrash-resistance. Thrashing invocation patterns occur when
the number of repeatedly invoked functions exceeds cache
capacity, causing cyclic evictions that eliminate cross-invocation
cache reuse.

To provide thrash-resistance, we must preserve cache space
only for a subset of functions whose combined cache demand
fits within the cache capacity and partitioning limits. Other
functions might be given temporary space while active, but
their allocations must be reclaimed and reassigned when they
finish execution and idle.

B. Shared Cache Partition

We observe that across instances there are many functions
that access identical physical memory pages, leading to many
shared cache states. In Docker and gVisor, containers that share
an OverlayFS layer (e.g., official Python image) reuse the same
page-cache entries. In VMs and microVMs, the hypervisor may
map identical pages to the same physical frame through memory
deduplication [63] or snapshot-based sharing [64]–[66]. Until
a copy-on-write event occurs, all instances reading these pages
access the same physical addresses, leading to shared cache
states.

To quantify the amount of potentially shared cache states
between instances, we use Intel PT [67] to trace all the
instructions executed by each instance, and use Perf-mem [68]
to sample all the data accessed by each instance for a
sufficiently long interval. For each pair of instances, we
compare their instruction and data traces and compute the
fraction of memory accesses that target the same physical
addresses. Figure 12 shows the results as heatmaps, where
darker colors indicate a higher degree of cache state sharing.

As shown in Figure 12a, instruction cache states are
commonly shared among functions. Nearly all instruction
cache states are shared between instances of the same func-
tion. Even between instances of different functions, a large
portion of instruction cache is shared depending on their
execution environment (e.g., Python or Go runtimes). For
interpreted languages (e.g., AUTH-PY and AES-PY), over
80% of instruction cache is shared because both functions
execute the same Python interpreter and common libraries
like gRPC. For languages with JIT compilation (e.g., PAY-JS
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performance.

and CUR-JS), most instruction cache is also shared, likely
because most executed instructions originate from the shared
language runtime rather than the per-function JIT-compiled
code. However, for compiled languages (e.g. GEO-GO and
PROD-GO), different functions share less than 1% instruction
cache, as different functions execute different compiled binaries.
Further, data cache state sharing is less common because most
data accesses target private heap and stack regions. This is
consistent with Table II, which shows that each invocation
accesses many temporary data buffers that are neither shared
across invocations nor across instances.

To use LLC efficiently, we must avoid over-allocating cache
space for shared cache states. If each instance is allocated
cache independently based on its own needs, the shared cache
states will be redundantly reserved multiple times. To prevent
this, we differentiate between shared and private cache states
and only allocate once for shared cache states (§V-B).

C. Customized Cache Partition Size

We observe that different serverless functions need different
amounts of LLC to be performant. To compare the cache needs
of functions, we measure the latency of functions with gradually
reduced LLC capacity. As can be observed in Figure 13,
different functions need various LLC capacities for the best
performance. To achieve 95% performance, PAY-JS needs as
large as 2.2 MB LLC, while PROD-GO only needs 288 KB.
This difference in working set sizes arises from the function
workload as well as from the language runtime.

To use LLC efficiently, we must tailor the cache partition
size to each serverless function. Assigning the same amount
of LLC to all functions wastes cache for functions with small
working sets while degrading performance of functions with
large working sets. To prevent this, we learn the minimum

LLC needed by each function to achieve best performance
through online or offline learning (§V-A).

Although inputs can affect function behavior, they do not
change the optimal cache configuration for any function in our
evaluation. Most functions keep similar control flow and work-
ing sets across inputs. For AES and PAGERANK, larger inputs
only increase loop iterations, not LLC demand: AES streams
over the input once at 16B granularity, while PAGERANK’s
per-invocation graph nodes fit in the unpartitioned L2. With
larger graphs, PAGERANK becomes insensitive to cold LLC
and can remain in the common cache pool. If a function does
exhibit input-dependent cache demand, HarmoniCa can detect
this by monitoring function latencies, and maintain function
instances with separate cache configurations for invocations of
different input-size ranges.

V. HARMONICA

Based on the three strategies, we introduce HarmoniCa, a
last-level cache management framework that orchestrates LLC
resources among serverless functions. For each newly deployed
function, HarmoniCa operates in two phases. First, HarmoniCa
learns the function’s cache behavior through online or offline
learning (§V-A). This includes its sensitivity to cold LLC,
shared cache states, and the minimum LLC capacity required
for optimal performance.

Second, HarmoniCa customizes the LLC allocation for each
function based on its cache behavior and invocation frequency
(§V-B). Functions insensitive to cold LLC are placed in a
common cache pool, whose size is dynamically adjusted
based on the services inside. For cache-sensitive functions,
HarmoniCa first identifies shared cache states and allocates
a single partition. Next, HarmoniCa reserves an additional
partition that provides the minimum LLC for the function’s non-
shared data. When LLC becomes scarce, HarmoniCa prioritizes
services with higher invocation rates, higher sensitivity to cold
LLC, and lower cache needs, while moving the remaining
services back to the common pool.

A. Function Characterization

For each serverless function, two cache properties are learned:
performance sensitivity to a cold LLC and minimum LLC size
to deliver good performance, because both are important to
achieve efficient LLC partitioning as discussed in Section IV.
To measure the sensitivity to a cold LLC, two latencies are
measured: (1) latcold when the function shares LLC with other
functions, and (2) latwarm when the function is allocated an
exclusive cache partition of a maximum size.

We use sensitivity = latcold/latwarm to quantify the
cold start sensitivity of a serverless function. The larger the
sensitivity, the more a function benefits from an exclusive
cache partition. A sensitivity close to 1 indicates that a function
doesn’t suffer from a cold LLC and won’t benefit from an
exclusive cache partition.

If a function demonstrates high sensitivity to cold LLC,
HarmoniCa continues learning the cache needs of the function.
First, we identify sharing of instruction cache states between
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the target function and other functions. For the most accurate
result, one needs to trace the instruction addresses executed by
each function or compare the physical pages mapped for each
function, which is both time- and memory-consuming. To avoid
these overheads, we observe that for most serverless functions,
the binary in the container’s default command contains most
of the executed instructions. Therefore, we infer that two
functions share many instruction cache states if their default
command binaries are the same file in the same docker layer.
This heuristic correctly identifies all pairs of functions with
over 85% instruction cache sharing in Figure 12.

Finally, HarmoniCa measures, separately for the shared
instructions and the private data, the minimum LLC allocation
needed to deliver good performance. A naive approach is to
try all possible LLC sizes and choose the smallest one without
exceeding a performance threshold, which is time-consuming
given the fine-grained partitioning technique we propose. To
reduce the test time, we observe that the performance of
serverless functions degrades monotonically with reduced LLC
size. Therefore, we perform a binary search over the ordered
set of candidate LLC sizes. This reduces the search time from
O(n) to O(logn), where n is the number of LLC sizes. In
most cases, the minimum LLC size can be identified within
1000 invocations.

To further accelerate learning of function cache needs, Har-
moniCa supports offline learning. Given a set of representative
inputs provided by the programmer, HarmoniCa first learns the
sensitivity to cold LLC with controlled colocated workloads
(e.g., using stressors such as stress-ng [69] or a set of test
functions). Then, HarmoniCa learns the cache needs similar to
online learning, but with an increased invocation rate to collect
samples faster. Although the offline learning environment
differs from the online deployment in invocation rate and
colocated workloads, we show that the cache behavior of each
function remains the same (§VIII-C), making the knowledge
learned offline directly transferable to an online setting.

B. Priority-Based LLC Allocation

The overall allocation scheme is shown in Figure 14. To
begin with, all functions insensitive to cold LLC (with a
sensitivity close to 1) are assigned to a common cache pool.
This common pool is partitioned from the rest of the cache using

way-partitioning, allowing us to adjust its size dynamically as
needed, without significant reallocation costs.

Next, to maximize the benefits of the reserved cache pool,
HarmoniCa prioritizes the cache demands of services based
on three factors: (1) invocation rate, (2) sensitivity to cold
LLC, and (3) LLC demands. HarmoniCa keeps satisfying the
LLC demands for services with higher priorities until there
is no more free cache in the reserved pool. For each service,
HarmoniCa allocates LLC separately for shared instruction
and private data cache states, avoiding redundant reservations.
Then, all untended services are assigned to the common pool.

When multiple new functions have not yet been characterized,
HarmoniCa prioritizes their learning based on the same factors
as cache allocation: invocation rate and expected cold LLC
sensitivity. While invocation rate can be measured directly,
HarmoniCa estimates cold LLC sensitivity using function
latency, because short-running functions are generally more
sensitive to cold LLC as in Figure 11. Learning is performed in
parallel when resources permit, and these heuristics prioritize
functions with the highest expected benefit.

To partition the LLC, HarmoniCa combines cache slice, set,
and way partitioning, as illustrated in Figure 14. Cache way
partitioning is best suited to partition between the common and
reserved cache pool, because it incurs little overhead when used
for such coarse-grained partitioning (see Figure 10). Within the
reserved pool, HarmoniCa applies slice and set partitioning to
achieve fine-grained cache allocation. To prevent bottlenecks
caused by limited L2 capacity, HarmoniCa performs slice
partitioning before set partitioning, ensuring each service can
utilize as much L2 capacity as possible. Services in the common
cache pool are not partitioned by slices or sets and can access
all cache slices and sets.

VI. IMPLEMENTATION

We extend Linux with page coloring to support cache
slice/set partitioning (§VI-A), which causes no overhead to
serverless workloads. We then implement HarmoniCa using
Python and Bash (§VI-B). No modifications are required to
the serverless functions or hardware.

A. Page coloring in Linux

We implement page coloring in Linux 6.12 with around 1k
lines of code. The code is publicly available at https://doi.org/
10.5281/zenodo.21548955.
Interfaces. We add two syscalls: set_color and
get_color, which change and query the page color mask
of a process, respectively. A member field is added to
task_struct to record the page color mask of each process.
Similar to taskset, we also implemented a command-line
utility called colorset to assign or change the page colors
of a process.
Color-aware buddy allocator. Similar to prior work [28],
Linux’s buddy allocator is extended to honor the page color
requirements when allocating physical pages. Instead of a single
linked list of free pages, the buddy allocator keeps track of
multiple free lists, one for each color. At a page request, the

https://doi.org/10.5281/zenodo.21548955
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buddy allocator selects pages of allowed colors in a round-
robin manner. When a page is freed, the buddy allocator returns
the page to the corresponding free list. We observe that the
customized memory allocator doesn’t affect the performance
of serverless functions.
Page recoloring. When a process’s cache partition changes, we
use a Linux workqueue [70] to handle page migration and page-
table updates in the background. A workqueue thread scans all
physical pages of the target process to identify the minimal set
that must be migrated, moves those pages to newly allocated
pages with the desired colors, and updates the corresponding
page-table entries. In our implementation, migrating a short
service (sub-1ms execution time) typically takes around 50
ms, and over 100 ms for larger functions. This overhead is
acceptable because recoloring events are rare and function
invocation rate is low. Still, it can be further reduced through
lazy migration [71] or migrating only hot pages [72]. For all
functions, performance stabilizes within five invocations after
a page recoloring.
Shared page identification. To support shared cache partitions,
we assign separate page color masks to shared and private
pages, using Linux’s folio_likely_mapped_shared to
classify pages into shared and private. This correctly classifies
over 99% instruction and data accesses into shared or private
cache partitions.
Deployment constraints. We prioritize allocation success
and NUMA locality over exact page coloring to avoid failures
and slowdowns. Although coloring can restrict huge pages, we
observe no overhead due to functions’ small memory footprints.

B. HarmoniCa

We implement HarmoniCa with 3K lines of Python and
Bash scripts. To begin with, HarmoniCa takes in an optional
list of files containing function cache behavior learned offline.
For functions without offline knowledge, HarmoniCa performs
online learning. To collect service metrics, HarmoniCa queries
a Zipkin [73] server which traces the execution of all services
using an OpenTelemetry plugin [74]. Next, HarmoniCa adjusts
the LLC scheme based on the knowledge and collected metrics.
Finally, HarmoniCa deploys the LLC scheme onto the worker
server by adjusting cache way partitioning using pqos [43],
slice and set partitioning using colorset (§VI-A), and core
pinning using Linux cgroup.

VII. EVALUATION SETUP

Testbeds. We evaluate HarmoniCa on an Intel Xeon Silver
4310 processor with 12 cores, 80 KiB of private L1, 1.25 MiB
private L2 per core, and an 18 MiB shared LLC (12-way, non-
inclusive). The server has 136 GB of DDR4 memory across five
channels. To avoid interference from client programs, we place
all clients on a separate machine with a similar configuration.
To avoid network latency impact, the two machines are co-
located with a round-trip time of 100 µs. For stable performance,
simultaneous multithreading (SMT) is disabled and the core
frequency is fixed at 2.10GHz.

Serverless functions. We use 12 functions from two serverless
benchmarks [36], [75]. These functions cover common use
cases such as web services, API backends, file/image process-
ing, and ML inference. We randomize function inputs to match
real-world user inputs. For each serverless function, we create
3 instances to mimic the auto-scaling behavior of serverless
orchestrators.
Invocation trace. Similar to prior work [13], [44], we drive
the functions with real-world invocation traces released by
Microsoft Azure [18]. From the 7-day trace, we first select a 10-
minute window that exhibits a representative (P50) invocation
load. We then randomly map the trace functions in this
interval to our benchmark functions, after filtering them by
invocation rate. This filtering step is necessary to ensure that
the resulting workload matches the capacity of our server
machine, since the Azure trace is sampled across Azure’s
entire infrastructure rather than a single machine. Finally, given
the per-minute invocation rate of each function, we generate
its arrival timestamps using a Poisson distribution like prior
research on serverless systems [13], [22], [44], [76]–[82].
Evaluated designs. We compare with three baseline LLC
management schemes: (1) Shared: all instances share the last-
level cache; (2) Static: the LLC is statically partitioned for all
instances; (3) MosaicScheduler: the LLC is managed by the
software support of Mosaic with cache way partitioning. In all
three setups, for a fair comparison, cache-sensitive instances
are pinned to cores, while cache-insensitive instances can
be freely scheduled on the least-loaded cores by the kernel
scheduler to avoid CPU bottleneck. To minimize interference
from background tasks, all serverless instances run under
Linux’s real-time scheduler [83] with a fixed priority of 10.

VIII. EVALUATION RESULTS

For function performance, we measure the server-side end-
to-end latency using gRPC OpenTelemetry plugin [74]. This
includes the time from when the server receives a request until
it responds.

A. Performance Impact

To understand how the partitioning mechanism and strategy
contribute to the overall improvement, we evaluate HarmoniCa
under a 40% system load with 3 variants: (1) Adv. Static
enhances Static partitioning with cache slice partitioning; (2)
HC-Coarse is only stream-resistant, as it performs coarse-
grained way partitioning between streaming invocations and
others; (3) HarmoniCa is also thrash-resistant and performs
fine-grained partitioning. All results include page recoloring
overhead and use offline learning for a fair comparison. Online
learning overhead is evaluated in Section VIII-C.
Median latency. Figure 15 and Figure 16a show the median
latency improvement for all 12 functions. On average, Harmon-
iCa improves the median latency of cache-sensitive functions by
34.7% over shared cache on average, without notably hurting
the performance of cache-insensitive functions (0.1%).

Moreover, each component contributes to the overall im-
provement. Using PROD as an example: slice partitioning
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Fig. 15. HarmoniCa P50 improvement. On average, HarmoniCa improves the P50 latency of cache-sensitive functions by 35%, without notably slowing down
cache-insensitive functions (0.1%).
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Fig. 16. HarmoniCa improvement over MosaicScheduler.

alleviates reduced L2 capacity and L3 associativity, reducing
LLC misses by 45% and improving latency by 19%. With
stream-resistant allocation, HC-Coarse reduces misses by 59%
and improves latency by 15% compared to a shared cache.
Finally, fine-grained cache management makes HarmoniCa
robust to thrashing invocation patterns, further reducing misses
by 30% and improving latency by 54%. On average, slice
partitioning improves static partitioning by 14%, while HC-
Coarse and HarmoniCa improve shared cache by 25% and
10%.

Finally, HarmoniCa outperforms static partitioning by 44.5%
and MosaicScheduler by 25.8%. While static partitioning
preserves cache state for all functions, it severely reduces L2
capacity (to 1/8 or 160KB) and L3 associativity (to 4 ways),
incurring significant overhead. Although MosaicScheduler
provides sufficient cache space per function, its LRU policy is
not effective under streaming and thrashing invocation patterns,
leaving 70% of invocations with a cold LLC and yielding a
7.9% improvement.
Tail latency. Figure 17 and Figure 16b show the P95 tail
latency improvement. HarmoniCa improves the tail latency of
cache-sensitive functions by up to 17% on AES and 11.4% on
average. Notably, despite the lower speedup factor, the absolute
tail latency reduction exceeds the median latency reduction for
all functions. Because tail latency is affected by many other

PAY AUTH AES PROD GEO PRANK GMean

0.8

1.0

1.2

P9
5 

Sp
ee

du
p

1.
00

0x
0.

90
3x

1.
11

4xShared Static HarmoniCa

(a) Cache-sensitive functions.

ZLIB VID CNN RNN IMG WCNT GMean
0.0

0.5

1.0

1.5
P9

5 
Sp

ee
du

p 1.
00

0x
0.

77
8x 0.
95

4xShared Static HarmoniCa

(b) Cache-insensitive functions.

Fig. 17. HarmoniCa improves P95(P99) latency of cache-sensitive functions
by 11.4%(7.7%). CPU bottlenecks cause a 4.6%(5.1%) slowdown for cache-
insensitive functions.

factors beyond cold cache states, such as I/O interference and
kernel interrupts, the relative speedup from HarmoniCa at the
tail latency is naturally lower than the improvement observed
for the median latency.

On the other hand, we see a slowdown in the tail latency
of cache-insensitive functions (4.6% on average). Rather than
an LLC capacity bottleneck, we attribute this slowdown to a
CPU bottleneck resulting from HarmoniCa’s core allocation
scheme. Unlike the baseline where cache-insensitive functions
can be scheduled on any of the 12 cores, HarmoniCa constrains
them to 9 cores for cache way partitioning, leading to CPU
bottlenecks at bursts of invocations. To verify this, we pin all
cache-insensitive functions to 9 cores but allow them to use the
full LLC. We observe a similar slowdown in the tail latency,
confirming the CPU bottleneck. This bottleneck is not inherent
to HarmoniCa because cache ways can be assigned to tasks
rather than cores through Linux support [84].

Finally, static partitioning significantly worsens tail latency
due to reduced L2 capacity and LLC associativity, while
MosaicScheduler achieves a modest 0.7% improvement with
its LRU policy.
Impact on aggregate CPU load. Across all invocations,
HarmoniCa slightly increases total CPU time by 1.75% over
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Fig. 18. Median latency at different system loads.

the shared-cache baseline, much less than static partitioning’s
16.5% increase. This overhead stems from the earlier CPU
bottleneck in long, cache-insensitive functions, which task-level
way partitioning can avoid [84]. Although HarmoniCa does
not significantly reduce aggregate CPU load, it improves the
responsiveness of short, latency-sensitive interactive requests,
which dominate user-perceived performance.

B. Sensitivity Analysis

Sensitivity to system load. We next study how HarmoniCa
performs under different system loads. We maintain the
same experiment setup as the main evaluation experiment
in Figure 15 and scale the invocation trace to achieve 25%,
40%, and 60% system loads similar to prior works [13], [44],
which is representative in cloud to guarantee SLO [85]–[88].
Figure 18 shows the median latency of each function with
HarmoniCa normalized to the baseline latency under each
system load configuration, respectively.

HarmoniCa consistently improves the performance of all
cache-sensitive functions under all system loads. However,
cache-insensitive functions degrade with higher loads, with the
slowdown increasing to 4.6% at 60% system load. Similar to
the tail latency slowdown in Figure 17b, this is due to the CPU
bottleneck when HarmoniCa reduces the cores available from
12 to 9.
Sensitivity to number of cache-sensitive services. We now
evaluate how HarmoniCa scales as the number of cache-
sensitive services requiring cache reservations increases. In this
experiment, we keep the overall system load fixed at 50%, using
the same cache-insensitive functions as in Figure 15. We then
gradually increase the number of Python authentication services
AUTH deployed on the machine, with each service invoked
at an identical rate. Figure 19 reports the average median
latency of AUTH. In addition to the baseline and HarmoniCa,
we include HC-noShare, a variant that ignores cache sharing
between services and over-allocates cache space for the shared
cache states.
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Fig. 19. Median latency at different service densities.

We observe three trends in HarmoniCa. First, when the
number of services is small (≤ 3), the median latency remains
the lowest at 35 µs, because each service is assigned a dedicated
core in addition to benefiting from cache management. Second,
as the number of services grows, the latency increases linearly
before flattening around 45 µs. This reflects the point where
the advantage of exclusive cores disappears and the remaining
gains come purely from cache management. Finally, once the
number of services exceeds 14, the average latency degrades
as an inverse function. At this point, HarmoniCa exhausts the
reserved cache pool, forcing additional services to fall back to
the common cache pool. 14 services are not the scalability
limit of HarmoniCa, but rather an LLC capacity bottleneck
from the machine we used (9MB for private LLC).

Although HC-noShare provides significant speedup com-
pared to baseline, it degrades earlier when the reserved cache
pool is exhausted at 5 services. This results from an inefficient
use of LLC, where shared cache states are redundantly reserved
multiple times, showing the importance of properly managing
shared cache states.
Sensitivity to cache sharing configuration. To evaluate under
stricter security constraints, we test disabling all sharing versus
restricting sharing to functions from the same user. Disabling
all sharing drops geomean improvement from 34.1% to 23.9%,
while restricting sharing to the same user limits this drop to
29.8%.
Sensitivity to network latency. Experiments with 500µs RTT
and injected 1–5ms delays show negligible changes, confirming
that server-side LLC effects dominate rather than network
latency.
Sensitivity to invocation trace. Across ten traces generated
with different seeds and Azure-published trace windows,
HarmoniCa achieves stable speedups from 1.31× to 1.39×
with 1.34× on average.

C. Cache Learning Analysis

Learning time. We evaluate how fast HarmoniCa learns
a function’s cache behavior online. In this experiment, we
remove AES from the knowledge library and measure the time
HarmoniCa needs to infer its minimum cache size from scratch.
We compare this against a brute-force baseline that gradually
shrinks the cache size until the function’s performance falls
below a predefined threshold. Both methods are tested with the
same threshold and sampling setup using the same invocation
trace. Figure 20 shows the results.
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With binary learning, HarmoniCa significantly reduces the
learning time for each cache-sensitive function by over 3×
compared to a brute-force learning approach. In total, around
1000 invocations are needed for HarmoniCa to determine
the minimum cache size without breaking the performance
threshold. To further accelerate learning, we perform offline
training with a higher invocation rate so that we collect samples
faster. For example, increasing AES to 100 RPS reduces the
learning time to under 15 seconds.

We further evaluate HarmoniCa’s online learning overhead
by repeating Figure 15 without prior knowledge of any function.
HarmoniCa learns all 12 functions in under 240s, a negligible
fraction of their typical 9-day production lifetime (estimated
from Azure trace [18]). Consequently, the geomean P50
improvement for cache-sensitive functions drops only slightly
from 1.347× to 1.290×. This minimal impact is due to
HarmoniCa prioritizing short, latency-sensitive, and frequently
invoked functions (Section V-B), which enables near-optimal
scheduling within 120s.
Learning Accuracy. Offline learning may introduce inaccuracy
because the co-running workloads and invocation rates differ
from the online setting. To quantify this effect, we modify
HarmoniCa to measure function performance at every cache
configuration, allowing a one-to-one comparison. Figure 21
shows each learning result and how its performance degrades
as the reserved cache decreases. For each curve, all latencies
are normalized to the minimum latency observed at the highest
cache capacity on that curve. Despite the differences in co-
running workloads and invocation rate, the offline learning
results closely match the online learning result, as all curves
in Figure 21 align well with each other.

Further, binary search may introduce inaccuracy as it assumes
latency degrades monotonically with LLC allocation. We
compare binary search against brute-force search and observe

100% agreement on all functions, with no over- or under-
allocation.

IX. RELATED WORK

Cache partitioning. Many works have explored cache parti-
tioning for efficiency or security. Software-only approaches
use hardware way partitioning and set partitioning [25]–[28],
[30]–[32], [56]–[60], [72], [89]–[96], but they primarily target
traditional long-running workloads and offer insufficient gran-
ularity for serverless workloads. Although HardHarvest [97]
preserves cache states for microservices across invocations, it
assumes no over-subscription and relies on way partitioning,
which doesn’t scale to serverless. Hardware proposals [13],
[98], [99] enable finer control but remain unadopted by CPU
vendors.

Unlike works [25], [30], [99] that optimize cache man-
agement with a clear objective function, HarmoniCa uses
serverless-specific heuristics. Incorporating a formal utility
model is promising future work.

While several works reverse-engineer Intel’s LLC slice-
indexing function [61], [62], [100], [101], slice-aware par-
titioning has received limited attention. Yarom et al. [101]
suggested that slice knowledge could improve page coloring
without implementation or evaluation. Scolari et al. [28] later
proposed slice-aware partitioning, but their technique requires
slice selection to depend only on PFN bits, which doesn’t hold
on all Intel CPUs since Broadwell [62], [100]. In contrast,
HarmoniCa works on nearly all Intel CPUs.
Microarchitecture for serverless. Many works have shown
that serverless functions degrade due to cold microarchitecture
states. In response, recent works [12], [14], [21] design new
hardware prefetcher or restoration to prewarm instruction cache
and branch predictors before an invocation. Some works [13],
[24] propose new microarchitectures for serverless. In contrast,
we propose a software-only approach to preserve cache states
through careful partitioning.

X. CONCLUSION

This paper shows that a cold LLC is a major bottleneck for
serverless performance, and existing software and hardware
mechanisms are ill-suited to address it. We present HarmoniCa,
an LLC management system for commodity Intel proces-
sors that recovers performance previously requiring hardware
changes. By combining fine-grained slice partitioning with
dynamic, function-aware allocation, HarmoniCa restores cache
efficiency and improves latency of serverless workloads by
34.7%.
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APPENDIX
ARTIFACT APPENDIX

A. Abstract

The artifact contains the HarmoniCa prototype, page coloring
implementation in Linux, experiment and analysis scripts used
for the main evaluation. It reproduces the results of all LLC
management configurations in Section VIII-A: Shared, Mo-
saicScheduler, Static, Adv. Static, HC-Coarse, and HarmoniCa.
The workflow deploys three instances of each of 12 functions
on a serverless function server, replays the paper’s invocation
trace from a separate client, collects function latencies and
hardware counters, and reproduces Figures 15, 16, 17.

B. Artifact check-list (meta-information)
▶ Program: HarmoniCa prototype, Linux kernel with page coloring,

serverless benchmark functions from vSwarm [36] and Function-
Bench [75]

▶ Compilation: GCC and Go compiler
▶ Run-time environment: Ubuntu 24.04 LTS, Docker 29.6.2
▶ Hardware: Chameleon [102] compute icelake r650 node with

Intel Xeon Platinum 8380 CPU and 256GB memory, and a client
machine.

▶ Metrics: Server-side P50/P95 latency, LLC and branch MPKI.
▶ Output: Raw data and Figures.
▶ Experiments: Figures 15, 16, 17.
▶ How much disk space is required (approximately)?: 64GB
▶ How much time is needed to prepare workflow (approxi-

mately)?: 6h
▶ How much time is needed to complete experiments (approxi-

mately)?: 6h
▶ Publicly available?: Yes.
▶ Code licenses?: MIT License
▶ Archived?: 10.5281/zenodo.21548955

C. Description

1) How to access: The artifact is available at https://doi.org/
10.5281/zenodo.21548955. It includes:

▶ Page coloring implementation in Linux.
▶ All serverless function benchmark Docker images.
▶ Instructions and scripts to prepare the machines.
▶ HarmoniCa prototype and scripts to run the experiments.

2) Hardware dependencies: The experiment uses a server
machine at Chameleon [102] compute icelake r650 node with
Intel Xeon Platinum 8380 CPU and 256GB memory, and a
client machine reachable from the server machine. Although
HarmoniCa was evaluated on 12-core Ice Lake CPUs, we
ported the artifact for 40-core Ice Lake CPUs that are widely
available on Chameleon Cloud. To better match the paper
results, only 20 cores and 30MB LLC are used.

3) Software dependencies: The artifact uses Docker Engine
with Swarm mode to orchestrate serverless functions. It
requires Python 3 to run the HarmoniCa prototype and analyze
experimental results, GCC and the Go compiler to build the
Linux kernel and supporting utilities, and other standard Linux
tools for resource management and profiling. HarmoniCa-
artifact/README.md provides detailed setup instructions.

D. Installation
Download the artifacts to the home directory on both

the server and client machines. Follow the instructions in
HarmoniCa-artifact/README.md and install the arti-
fact on both the server and client machines. First, install
software dependencies, including the customized Linux kernel
and all Docker images. Second, configure both machines
as Docker Swarm nodes. Third, configure the deployment
destination of serverless functions and deploy all services.

E. Experiment workflow
From the client artifact root, activate the virtual environment

and run the automated experiment script:

source .venv/bin/activate
SERVER_HOST=<server-ip> \
SERVER_USER=<server-user> \
bash evaluation/scripts/run_experiments.sh all

Generate the paper figures after all runs:

python3 \
evaluation/scripts/generate_paper_figures.py

F. Evaluation and expected results
A successful run creates one directory for each of the six

LLC management setups. Each directory contains zipkin_
analysis/summary.json and perfs/. The figure gen-
erator produces Figures 15, 16, 17.

Absolute latency is machine-dependent, but the expected
qualitative result is that HarmoniCa improves the median and
tail latency of cache-sensitive functions compared to Shared,
Static, and MosaicScheduler, without notably harming the
performance of cache-insensitive functions.

Moreover, each component contributes to the overall perfor-
mance improvement. Slice-aware cache partitioning enables
Adv. Static to outperform Static on cache-sensitive functions.
Stream-resistant allocation allows HC-Coarse to outperform
Shared, while thrash resistance further improves performance,
enabling HarmoniCa to outperform HC-Coarse.

https://dl.acm.org/doi/10.1145/3695053.3731071
https://www.ndss-symposium.org/wp-content/uploads/2022-110-paper.pdf
https://www.ndss-symposium.org/wp-content/uploads/2022-110-paper.pdf
https://ieeexplore.ieee.org/document/6307780
https://eprint.iacr.org/2015/905
https://eprint.iacr.org/2015/905
https://doi.org/10.5281/zenodo.21548955
https://doi.org/10.5281/zenodo.21548955
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