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Abstract

The effectiveness of a cache replacement rule depends on the pattern of requests it receives and on how
much space is available to retain previously requested items. This study used a deterministic simulator
to compare least recently used (LRU), first-in-first-out (FIFO), and least frequently used (LFU) under
three synthetic request patterns: uniform-random, Zipfian-skewed, and scan-heavy/mixed. For each
workload, ten independently seeded traces of 50,000 requests were tested at capacities of 100, 250, 500,
and 1,000 entries. The outcome was the proportion of requests served from the cache, reported as a
mean and standard deviation across seeds. At capacity 500, LFU recorded the highest mean hit rate on
the Zipfian workload (79.96% #* 0.22 percentage points), followed by LRU (75.88% #* 0.18) and FIFO
(71.99% # 0.19). On uniform-random requests, the three methods were almost indistinguishable, with
hit rates of approximately 4.95% to 4.98%. In the specified scan-heavy/mixed workload, hit rates ranged
from 4.12% to 4.56%. Larger caches generally improved hit rates, particularly under Zipfian access.
These findings describe the behaviour of the stated simulator and input generators; they do not
establish which policy will perform best in a production system. Tests using public application traces or
a real storage workload are needed before making operational recommendations.
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1 Introduction

A cache keeps selected items in a faster, limited-capacity layer so that later requests can be served
without retrieving the items from a slower layer. When the cache is full and a new item is requested, a
replacement rule determines which resident item leaves. Hit rate is therefore shaped by the
replacement rule, the size of the cache, and the pattern of requests. Earlier work on replacement
algorithms demonstrates why policy performance should be considered alongside the workload
rather than ranked in isolation [1], [2]. Caching is also one of several techniques through which
storage systems trade space against access time, a relationship examined in a workload-aware review
by some of the present authors [3].

Benchmarking studies likewise stress the need to describe workloads precisely. The Yahoo! Cloud
Serving Benchmark provides a configurable framework for comparing data-serving systems under
defined request patterns [4]. Research on adaptive caching also examines how recency, frequency,
scans, and changes in popularity affect policy behaviour [5]. Such work supports controlled compar-
isons, but simulated request streams should not be treated as substitutes for production traces.

This paper examines a deliberately narrow question: how three familiar replacement rules behave
when request locality and cache capacity are changed in a controlled simulation. The contribution is
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the explicit description of the workload generators, repeated seeded runs, and provision of code and
machine-readable outputs for inspection. The study does not introduce a new algorithm and does not
claim that its synthetic traces reproduce the behaviour of a deployed storage service.

1.1 Aim and research questions

The study aimed to measure how LRU, FIFO, and LFU hit rates change across defined synthetic
workloads and cache capacities.

¢ RQ1: How do the three policies compare under uniform, popularity-skewed, and scan-heavy/
mixed request patterns?

¢ RQ2: What changes in hit rate occur as the cache capacity increases for each workload and policy?

* RQ3: How consistent are the results across independent random seeds, and what limits follow
from using synthetic traces?

2 Background

LRU removes the cached item whose most recent request occurred furthest in the past. FIFO removes
the item that has been resident for the longest time, without considering later hits. LFU removes an
item with the smallest accumulated request count. In this implementation, ties at the minimum
frequency are resolved by removing the least recently used item among the tied candidates. That tie-
breaking rule is part of this specific implementation and should not be assumed to describe every
LFU variant.

Replacement policies have been examined in object caches, file systems, databases, and processor
memory. Prior studies include analytical comparisons and evaluations using application traces [6],
[71, [8], [9]. Adaptive and learning-based approaches, including CACHEUS and deep-reinforcement-
learning methods, also show that newer policies are often designed to respond to varied or changing
workloads [5], [10], [11]. The present work is a controlled baseline rather than a production-system
study: it varies request locality and cache size while leaving latency, throughput, write behaviour, and
system overheads outside its scope.

3 Methodology

3.1 Experimental design

A Python simulator evaluated LRU, FIFO, and LFU using three workload generators, four cache
capacities (100, 250, 500, and 1,000 entries), and ten independent seeds (8,612,026 to 8,612,035).
Each generated trace contained 50,000 requests. The design produced 360 policy-workload-capacity-
seed evaluations (3 x 3 x 4 x 10). For a given workload and seed, all three policies received the same
request sequence, allowing a direct comparison under identical input. The supplied script records the
experiment settings and writes the raw and aggregated outputs.

3.2 Synthetic workload definitions

Uniform-random workload: every request independently selected one identifier from a set of
10,000, with all identifiers having equal probability. This workload provides a reference case with
little persistent popularity structure.
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Zipfian workload: requests were drawn from 10,000 identifiers with probabilities proportional to
1/r'1>, where r denotes the identifier's rank. Consequently, high-ranked identifiers were requested
more often than lower-ranked ones.

Scan-heavy/mixed workload: the generator alternated between sequential scan segments and re-
quests drawn from a small popular set. With probability 0.70, it appended a segment of 250
consecutive identifiers starting at a randomly selected valid position; otherwise, it selected an
identifier from a 50-item hot set. Generation continued until 50,000 requests had been produced, and
any excess was truncated. This is an artificial stress pattern created for the experiment, not a
captured application trace.

3.3 Policy implementation and metrics

Each policy started with an empty cache. A request was counted as a hit if its identifier was already
resident; otherwise, it was counted as a miss and inserted, with an eviction when the cache had
reached capacity. LRU tracked the order of recent use, FIFO tracked insertion order, and LFU tracked
request counts with least-recently-used tie-breaking among items tied for the lowest count. Hit rate
was calculated as hits divided by all requests; miss rate was one minus the hit rate. For each
condition, results were summarized across the ten seeds using the mean and standard deviation.

3.4 Reproducibility and verification

The supplementary Python file specifies the generators, seeds, capacities, replacement rules, and
output files. The run-level CSV contains one record per evaluation, while the summary CSV reports
means and standard deviations grouped by workload, capacity, and policy. The figures were produced
from the summary data. These files make the reported calculations reproducible; they do not
independently validate the simulator against a production trace or a separately implemented system.

3.5 Choice of outcomes and interpretation

Cache hit rate was selected as the primary outcome because it directly describes the proportion of
requests served by the cache without requiring a fetch from the next storage layer. Miss rate is its
complement and therefore provides no independent information in this experiment. Hit rate should
not be confused with latency: a cache hit may still incur processing overhead, and a miss penalty
depends on the architecture and storage medium. This simulation did not assign time costs to hits or
misses, so it cannot estimate response time or throughput.

3.6 Fairness of policy comparisons

A fair policy comparison requires the algorithms to receive the same request sequence for a given
workload and seed. The experiment was designed around paired inputs in this way. Differences in hit
rate can therefore be attributed to the replacement decisions made by the implemented policies
under that trace, subject to correct implementation. The experiment does not compare the CPU cost
or memory overhead of maintaining policy metadata. In a deployed system, these overheads can
affect the practical value of a small improvement in hit rate.

3.7 Scope of inference

The random seeds provide repeated samples from the specified synthetic generators; they do not
represent independent hospitals, databases, users, or physical devices. The standard deviations
quantify variability among generated traces under the chosen parameters. They are not confidence
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intervals for production performance and should not be used to claim statistical significance between
algorithms without a prespecified inferential analysis. The results are descriptive and conditional on
the implementation and workload definitions.

4 Results

Table 1 reports mean hit rates and standard deviations at capacities of 500 and 1,000 entries. For the
Zipfian workload, LFU had the highest mean hit rate at both sizes. At capacity 500, its hit rate was
79.96% (SD 0.22 percentage points), compared with 75.88% for LRU and 71.99% for FIFO. At capa-
city 1,000, LFU reached 84.03%, LRU 81.82%, and FIFO 78.63%. This is consistent with cumulative
frequency counts helping to retain popular items in a workload whose popularity distribution
remains stable; it should not be interpreted as proof that LFU is generally superior.

The uniform-random workload produced similar results for all three policies, with mean hit rates
between 4.95% and 4.98% at capacity 500. The scan-heavy/mixed generator also produced low hit
rates, between 4.12% and 4.56% at that capacity. Its long runs of distinct sequential identifiers create
limited opportunity for reuse, even though requests to a small hot set are interspersed. These results
depend on the exact scan length, hot-set size, mixing probability, and cache capacity used here.

Table 1. Mean cache hit rate (%) and standard deviation in percentage points across ten seeds.

Workload Cap. LRU FIFO LFU
Uniform-random 500 4.95+0.12 4.95+0.12 498 +0.14
Uniform-random 1,000 9.88+0.12 9.89 +0.12 9.87 +0.16
Zipfian-skewed 500 75.88£0.18 71.99 +0.19 79.96 £ 0.22
Zipfian-skewed 1,000 81.82 £0.15 78.63 £ 0.15 84.03 £0.17
Scan-heavy/mixed 500 4.47 £ 0.70 4.55 +0.64 412 +1.17
Scan-heavy/mixed 1,000 9.46 + 0.98 9.54+1.11 9.23+142

Note: Standard deviations describe variation among the ten seeded runs. The supplementary CSV files contain results for all four ca-
pacities.
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Zipfian-skewed workload: hit rate by cache capacity
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Figure 1. Mean hit rate across cache capacities for the Zipfian-skewed workload; error bars show one standard
deviation across ten seeds.

Scan-heavy/mixed workload: hit rate by cache capacity
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Figure 2. Mean hit rate across cache capacities for the scan-heavy/mixed workload; error bars show one standard
deviation across ten seeds.

4.1 Results across all cache capacities

Table 2 reports the mean hit rates for all four capacities, and Figures 1 and 2 plot the Zipfian-skewed
and scan-heavy/mixed results respectively.
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The pattern was not restricted to the capacity-500 comparison. Across the Zipfian workload, mean hit
rates rose as capacity increased from 100 to 1,000 entries for all three policies. LFU increased from
67.72% to 84.03%, LRU from 59.39% to 81.82%, and FIFO from 54.05% to 78.63%. The gap between
policies narrowed as capacity increased, although LFU remained ahead under the stated stationary
popularity distribution.

Table 2. Mean hit rate (%) by workload, cache capacity and replacement policy, shown as mean (SD) across ten seeded

runs.
Workload Cap. LRU FIFO LFU
Uniform-random 100 1.00 (0.05) 1.00 (0.05) 1.01 (0.06)
Uniform-random 250 2.48 (0.09) 2.48 (0.08) 2.50 (0.08)
Uniform-random 500 4.95 (0.12) 4.95 (0.12) 4.98 (0.14)
Uniform-random 1,000 9.88 (0.12) 9.89 (0.12) 9.87 (0.16)
Zipfian-skewed 100 59.39 (0.27) 54.05 (0.25) 67.72 (0.38)
Zipfian-skewed 250 69.26 (0.22) 64.66 (0.21) 75.09 (0.25)
Zipfian-skewed 500 75.88 (0.18) 71.99 (0.19) 79.96 (0.22)
Zipfian-skewed 1,000 81.82 (0.15) 78.63 (0.15) 84.03 (0.17)
Scan-heavy/mixed 100 0.23 (0.15) 0.23 (0.15) 0.48 (0.31)
Scan-heavy/mixed 250 1.56 (0.47) 1.56 (0.47) 1.99 (0.70)
Scan-heavy/mixed 500 4.47 (0.70) 4.56 (0.64) 412 (1.17)
Scan-heavy/mixed 1,000 9.46 (0.98) 9.54 (1.11) 9.23 (1.42)

4.2 Variation between seeded runs

Variability differed by workload. Uniform-random runs showed relatively small standard deviations
because the request probabilities were uniform and the traces were long. Zipfian runs also showed
limited variation in the reported conditions, while the scan-heavy/mixed workload had greater
variability, especially for LFU. This is consistent with the mixed generator's sensitivity to the
randomly selected scan starting points and the timing of hot-set requests. The observed variation is
descriptive; it does not establish that differences between policies are statistically significant.

5 Discussion

The results indicate that replacement-policy performance changes with workload locality. Under
Zipfian access, a relatively small group of identifiers accounts for many requests. LFU benefits
because repeated counts help retain these popular items; LRU also benefits from repeated access,
whereas FIFO does not use request history when choosing a victim. When requests are uniformly
distributed, neither recency nor frequency provides a strong advantage, which explains the similar
hit rates observed in this condition.

The scan-heavy/mixed result should be interpreted in light of the generator used. The experiment
combines long sequential segments with requests to a 50-item hot set, but other segment lengths,
hot-set probabilities, or phase orderings could produce different results and possibly change the
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policy ranking. The low hit rates therefore characterize this particular synthetic workload; they are
not a general estimate for all scan-heavy applications.

The broader lesson is that caching strategies should be assessed against clearly specified workloads.
The results do not demonstrate that LFU is the best choice for a real database or storage platform.
Actual performance may also depend on object size, cache admission and invalidation, changing
popularity, shared tenancy, memory and CPU overhead, read/write balance, and end-to-end latency.
The experiment did not test more advanced policies such as ARC, LIRS, CLOCK-Pro, or learned
replacement approaches.

5.1 Interpretation for cache design

The results support evaluating a cache policy in relation to the access pattern it is expected to serve.
Where a workload has stable and highly skewed popularity, a frequency-based rule can retain
repeatedly requested items even if they have not been accessed very recently. Recency-based rules
can be more responsive when recently used items are likely to be requested again. FIFO is simpler
conceptually because it does not need to update a recency or frequency score on every hit, but
simplicity alone does not guarantee the highest hit rate. These are explanatory interpretations of the
simulated patterns, not deployment recommendations.

5.2 Why the uniform workload is a useful control

The uniform-random trace provides a reference condition in which no identifier has a persistent
popularity advantage. In such a setting, frequency and recency histories offer little reliable
information about which identifier will be requested next. The small differences among LRU, FIFO,
and LFU in this condition are therefore plausible within the model. This control also illustrates why a
single aggregate result can conceal workload dependence: a policy that performs well on a skewed
distribution may offer little benefit when requests are nearly uniform.

5.3 Interpreting the scan-heavy/mixed workload

The scan-heavy/mixed workload is intentionally demanding because sequential runs introduce many
distinct identifiers that may not be requested again soon. The hot set creates some reuse, but the
balance between sequential segments and hot-set accesses limits how much each policy can exploit
it. LFU performs differently at different capacities in this workload, and its standard deviation is
higher in several conditions. One possible explanation is that accumulated counts and randomly
positioned scans interact with the timing of hot-set requests. This explanation is consistent with the
design but should be tested with controlled parameter sweeps rather than treated as a demonstrated
causal mechanism.

5.4 Relationship to benchmarking practice

Benchmarking work such as YCSB emphasizes that workload composition is part of the experiment
and must be specified for results to be interpretable [4]. The present simulation follows that principle
at a small scale by declaring request distributions, trace length, cache capacities, seeds, and policy
definitions. Unlike a complete database benchmark, however, it does not include a storage engine,
concurrent clients, update operations, network delay, persistence, or end-to-end measurements. Its
value is therefore methodological transparency rather than a claim to model a full database service.
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5.5 Reproducibility and auditability

Providing source code and machine-readable outputs allows a reader to inspect the policy imple-
mentation and recompute summary values. Reproducibility depends on retaining the exact code
version, Python and package versions, random seeds, and definitions of the generators. For a formal
research archive, the authors should place the script, CSV files, and a README in a stable repository
or supplementary-material record and cite the permanent identifier in the final paper. The current
package provides the core files, but it should not be described as having a permanent public archive
unless one is actually created.

5.6 Practical implications and next steps

The current results suggest several testable follow-up questions. First, changing the Zipf exponent
would show how sensitive policy rankings are to the degree of popularity skew. Second, varying the
scan probability, scan length, and hot-set size would clarify which features drive the mixed-workload
outcomes. Third, a phase-changing workload could test whether LFU's cumulative counts retain stale
popularity after request patterns change. Fourth, additional policies such as ARC, LIRS, CLOCK-Pro,
and LFU with aging could provide a more informative baseline. Finally, trace-driven experiments
should measure not only hit rate but also latency, throughput, memory use, and algorithmic over-
head.

5.7 Suggested validation protocol for a follow-up study

A follow-up study should predefine its workloads and comparison metrics, use identical traces for all
algorithms, include a warm-up policy where appropriate, and report both central estimates and
uncertainty. It should test multiple independent traces or public workloads and document any
preprocessing. Where possible, results should be compared with an independently implemented
reference simulator or published baseline. If inferential tests are used, the analysis should account for
paired outcomes from the same traces and report effect sizes alongside p-values. None of these
additional validations is claimed to have been completed in the present study.

6 Limitations

First, every request trace was synthetic; no public production trace, application benchmark, or
physical storage system was tested.

Second, the comparison covered only three basic policies. The LFU implementation used cumulative
counts without aging, so it may respond poorly when an item's popularity changes over time.

Third, the scan-heavy/mixed generator represents one design choice. Different scan lengths, hot-set
sizes, and mixing ratios may yield different outcomes.

Fourth, hit rate was the only performance metric. The study did not measure latency, throughput,
runtime or memory overhead, energy consumption, or write amplification.

Finally, ten seeds offer a useful initial view of run-to-run variation but do not cover the full range of
possible workload parameters. The package has not been independently peer-reviewed or validated
against external traces.

https://doi.org/10.64388/ire1724912 ISSN 2456-8880 Paper ID: 1724912 | Page 2023


https://doi.org/10.64388/ire1724912

Iconic Research and Engineering Journals Vol. 10, Issue 5, November 2026

7 Conclusion

This simulation compared LRU, FIFO, and LFU over three synthetic request patterns and four cache
capacities, with ten independently seeded runs for each condition. LFU achieved the highest hit rate
under the Zipfian workload; the policies were nearly tied under uniform-random access; and all
recorded low hit rates under the particular scan-heavy/mixed pattern. Larger capacities generally
increased hit rates. The findings support a limited conclusion: replacement-policy performance
depends on the workload and capacity, so a ranking from one synthetic trace should not be general-
ized to all systems. Future work should use public traces, include additional algorithms, and measure
latency and resource costs alongside hit rate.
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