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Abstract. To build user-facing applications on decentralized data, client-
side decentralized query engines offer a natural integration point. How-
ever, optimizing queries in these environments is challenging due to a
lack of prior knowledge regarding data distribution and availability. By
repeatedly interacting with the same engine from the same user, appli-
cations allow the engine to overcome this knowledge gap by exploiting
patterns in previously issued queries. However, evaluating these tech-
niques accurately is difficult because public query logs are scarce, and
existing benchmarks rely on static, template-based structures that fail
to capture realistic behavioral variability. To fill this gap, we introduce
an evidence-based simulation of client query usage patterns as a reusable
benchmark enabling realistic and reproducible evaluation of client-side
optimization techniques. We demonstrate its utility by evaluating client-
side caching strategies for link traversal query processing. By compar-
ing our sequence-based approach against traditional, non-sequence-based
workloads, we highlight how realistic sequence simulation heavily influ-
ences performance evaluations. Ultimately, our benchmark reveals im-
portant performance dynamics, such as the impact of session switching
and query refinement, that traditional workloads do not. We conclude
that modeling realistic user interactions provides an essential foundation
for accurately evaluating client-side optimization techniques in decen-
tralized environments.
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1 Introduction

Emerging web applications increasingly rely on decentralized architectures to
give users control over their personal data, requiring query engines to dynam-
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ically fetch and integrate information distributed across the web. While cen-
tralizing this data simplifies query processing, it often conflicts with privacy
requirements and fine-grained access controls. Structured decentralized ecosys-
tems such as Solid [51] and Mastodon [48] encourage users to keep their own
data in small, independent stores that follow shared data models. This approach
strengthens user autonomy, yet it makes query execution more difficult because
engines must identify and query many heterogeneous data sources, each with its
own access policies.

Traditional federated querying approaches [545232] support decentraliza-
tion of sources, but typically assume a small (10-100) set of well-described and
consistently available endpoints [I7]. These assumptions fail once data is spread
across thousands of small units that enforce local access-control policies. In addi-
tion, enforcing fine-grained access control policies [21]] on large sources with ex-
pressive interfaces introduces notable overhead [45], making standard approaches
unsuitable for highly decentralized environments.

Newer decentralized environments, such as Solid, often expose data as
lightweight HT'TP resources instead of highly expressive query interfaces. Many
of these resources are not known in advance and can only be discovered during
query execution. Their simplicity lowers the cost of enforcing fine-grained con-
trols. This setting requires a federation model that can operate over a very large
number of small sources, many of which may be encountered at runtime, without
relying on prior aggregation. Traditional federated approaches are insufficient in
this setting due to the assumption of a small number of large endpoints.

Executing SPARQL queries using Link Traversal-based Query Processing
(LTQP) [30] fits these needs. It discovers documents incrementally by following
URIs encountered during execution, starting from an initial set of seed docu-
ments provided by either the user or the query. Its link-driven, asynchronous
traversal supports fine-grained permissions and avoids the requirement to know
the entire data distribution beforehand.

However, the fact that LTQP discovers documents incrementally creates sig-
nificant challenges for efficient execution. Using the traditional optimize-then-
execute paradigm is difficult, as the query itself determines which data will be
accessed. As a result, the optimizer has no prior knowledge of the relevant data
until the query’s traversal has already begun.

Some approaches optimize query execution without prior knowledge by using
adaptive query processing [20] and zero-knowledge query planning [28]. These
yield modest but inconsistent performance gains, depending on the decentral-
ized environment and the heuristics used [58]. However, other aspects of zero-
knowledge LTQP optimization, such as link prioritization [31], are unlikely to
improve query result arrival times in emerging decentralized environments [20].

Consequently, other works explore using precomputed server-side informa-
tion as prior knowledge or relevance indexes to efficiently execute LTQP queries
[59U6T125]. While these approaches offer greater performance benefits, they re-
quire the server to maintain these indexes. This raises the cost of serving re-
sources and complicates privacy and access control.
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To avoid server-side overhead, engines can derive prior knowledge directly
on the client. In decentralized settings, LTQP is inherently client-side, with
a single engine instance serving one or more applications. As these applica-
tions issue sequences of correlated queries, the engine identifies frequently ac-
cessed data and its characteristics. This allows engines to implement personalized
query optimization algorithms that leverage local access patterns to build nec-
essary prior knowledge. Benchmarking these approaches requires realistic query
sequences. Traditional benchmarks (e.g., WatDiv [I], BSBM [I0]) execute iso-
lated or repeated query templates, which fails to capture client-side dynamics
accurately. Furthermore, while centralized SPARQL optimization relies on real
query logs [QM4TIT255], such logs do not yet exist for decentralized LTQP en-
vironments. Consequently, we need a standardized benchmark that realistically
simulates user query sequences to prevent fragmented evaluation practices.

In this paper, we address this gap in existing benchmarks by introducing
SolidSessionBench, a new benchmark that builds upon SolidBench [58] to gen-
erate realistic query sequences. These sequences capture three usage patterns
identified in social network application literature, the domain simulated by Solid-
Bench, alongside patterns observed in real-world SPARQL logs. Consequently,
our benchmark enables researchers to evaluate personalized query optimization
techniques against the actual user behaviors they will encounter in real client-
facing applications.

To demonstrate our benchmark’s utility, we implement three baseline client-
side caching strategies in the LTQP engine Comunica [56/58]. We use these
intentionally simple algorithms to establish a performance baseline and highlight
the necessity of sequence-based evaluation.

2 Literature Review

2.1 Existing Benchmarking Approaches

For the evaluation of client-side benchmarking techniques that rely on preced-
ing queries, we primarily investigate caching literature, as this is a well-studied
problem relevant to our work.

In the literature, we find three distinct benchmarking approaches: simu-
lated micro benchmarks, simulated end-to-end query benchmarks, and real-world
query logs.

Simulated micro benchmarks isolate specific execution variables, such
as cache size [27] or indirectly, cache hit rate [43]. While useful for analyzing
isolated mechanisms, they provide an incomplete picture of performance under
realistic, dynamic workloads.

Simulated end-to-end benchmarks evaluate overall behavior using query
sequences. However, these sequences are typically constructed by randomly group-
ing isolated queries [44UT0I27J43123], applying simple statistical distributions like
Pareto [64138]/6], or relying on narrow application scenarios [I538] with custom
build query sequences. Each of these methods suffers from distinct limitations.
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Random grouping ignores real-world behavior entirely. Simple statistical distri-
butions are too basic to capture complex user habits. Finally, static scenarios
generate too few queries to provide comprehensive benchmark coverage. Con-
sequently, none of these approaches simulate how users actually explore data,
missing how they group related queries into short sessions and constantly adjust
their search parameters based on immediate results.

Real-world query logs provide the gold standard for evaluation. While
extensive logs are widely used to benchmark centralized SPARQL endpoints
[50559U65/46/35], none currently exist for decentralized LTQP environments.

To avoid the fragmented evaluation practices of current simulated approaches,
the next best option is a unified simulated benchmark. A shared benchmark
would provide a common basis for comparison, improve reproducibility, and
prevent each paper from having to create its own evaluation methodology.

2.2 Real-world Query Usage Patterns

To inform the benchmark design on what patterns should be simulated, we will
outline three relevant client query usage patterns observed in the literature. The
relevance is determined for our social network application use case.

User Interest-Based Query Behavior Work on social networks shows
users form communities based on shared interests [40JT6/7I34]. These networks
exhibit power-law degree distributions, small-world structures, and scale-free
properties. This topology creates a dense core of high-degree nodes that connect
many smaller, strongly clustered groups [40]. Simulation studies confirm that
this interest-driven group formation is stable and reliably modeled [2/24].

Furthermore, empirical research formally establishes that shared interests di-
rectly drive a higher degree of explicit and implicit interactions between users [41].
These findings justify our simulation of user-relatedness and interest-driven be-
havior when generating query sequences.

Logical Query Sessions Analysis of web browsing behavior shows that ac-
tivity is best grouped into logical sessions: sequences of user interactions focused
on specific goals, rather than purely time-bound intervals [39/49/53]. These task-
oriented sessions frequently involve non-linear navigation, including backtrack-
ing. New sessions begin in approximately 15% of clicks, following a log-normal
distribution with average size and depth means of 6.1 and 3, respectively.

These patterns also appear in application navigation. In a decentralized social
media application, for example, a user viewing a feed might click a creator’s user-
name, view comments, or like a post. Because the parameters of each new query
derive directly from the preceding query’s results, these queries chain together
into structures mirroring logical web sessions. Additionally, direct searches for
specific posts or topics reflect standard session-switching behavior.

Consequently, interactive applications generate sequences of interdependent
requests [63]. This dynamic informs the design of Facebook’s TAO data store,
which is explicitly optimized for workloads driven by the user’s step-by-step
traversal of the social graph within the interface [14].
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Query Refinement DBpedia SPARQL logs show users frequently submit
related queries in streaks. In these streaks, queries share an underlying goal and
are iteratively refined to achieve this objective [I3J66]. While early session studies
focused on robotic traffic [66/13], our benchmark models organic sequences gen-
erated through software interactions [66I37]. Because application design, rather
than underlying data organization, drives these organic queries, we expect these
patterns to also exist in decentralized environments. We exclude robotic queries
from our benchmark, as these rely heavily on templated query executions that
traditional benchmarks can already simulate [GS[TO0/T]. Finally, across all query
logs, analysis of total usage and reformulations shows that adding or remov-
ing FILTER, UNION, and OPTIONAL operators drives the vast majority of
reformulations.

Recent analyses of Wikidata query logs further demonstrate that query devel-
opment is an iterative process of design, debugging, and maintenance [5]. Based
on this empirical data, exploratory querying encompasses six core behaviors [5]:
result refinement to reduce records via filters or selective triple patterns, re-
sult generalization to retrieve more entities by broadening parameters, such
as adding superclasses or increasing limits, result extension to fetch additional
attributes by appending new triple patterns, bug fixing to correct structural
errors like invalid URIs, query refinement to adjust complex language fea-
tures, and shifting query intent to switch topic by changing core predicates
or URIs in the query.

These findings confirm that real-world querying relies on dynamic, step-by-
step modifications rather than the static execution of independent templates.
Consequently, existing evaluation frameworks fail to capture how users actively
interact with data systems. Evaluating system performance for these exploratory
query sequences remains a critical research challenge, explicitly requiring new
benchmarks to validate progress [5]. Therefore, modeling these empirical se-
quence patterns is essential to accurately assess client-side query optimization
techniques.

3 Query Sequence Benchmark

In this section, we detail our simulation methodology and the resulting hyper-
parameters. We base our sequence generator on SolidBench [58] to simulate a
highly distributed network of a decentralized social media application within the
Solid ecosystem, using data described by a single ontology.

SolidBench builds upon the Social Network Benchmark (SNB) dataset [193]
and applies the Linked Data Benchmark Council (LDBC) choke point method-
ology [4]. This methodology is a design strategy that explicitly targets query
execution and optimization bottlenecks in current database management sys-
tems [II]. By first identifying critical execution challenges, such as estimating
cardinality during traversal or determining optimal join orders [I9], the bench-
mark designs queries that rigorously test these specific limitations.
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To represent individual Solid pods, the benchmark utilizes a four-step se-
quential architecture: it generates the underlying SNB dataset via the LDBC
Datagen, introduces non-query noise triples and other data enhancements, frag-
ments the data so that all information related to a specific user resides in a single
pod, and instantiates the SPARQL queries. Under default settings, this process
generates 158,233 RDF files across 1,531 data vaults, totaling 3,556,159 triples.

Its workload combines standard SNB interactive queries with custom discover
templates, which explicitly target Link Traversal Query Processing (LTQP)
choke points in decentralized environments. To produce the final workload,
queries are grouped by template and repeatedly instantiated with various values.

To support sequence-based evaluation workload, we extend three core com-
ponents of the SolidBench ecosystem:

— Query Generator: Replaced to produce correlated query sequences that
reflect empirical usage patterns. We only reuse the generator architecture as
its static instantiation logic has almost no overlap to our simulation-based
methodology.

— Dataset Generator: We enhance the data generation process to model
interest-based similarities between simulated users.

— Benchmark Runner: We integrate sequence execution logic into the ex-
isting runner to facilitate straightforward, reproducible sequence-based ex-
periments and allow easy generation of default configuration files.

3.1 Simulation Methodology

Because real-world query logs for highly decentralized environments are unavail-
able, SolidSessionBench ensures realism by combining established empirical us-
age patterns. We maintain topological realism by utilizing the proven LDBC
social network data generator. To generate realistic query sequences, we base
our simulation methodology directly on the empirical research summarized in
Section 2:2] We validate this methodology by benchmarking caching algorithms.
Because cache performance depends heavily on data locality and sequence con-
tinuity, this evaluation serves as a proxy to demonstrate that our simulated
sequences capture essential realistic dynamics that static or random workloads
miss.

Our methodology models three interdependent behaviors within each query
sequence: task-oriented logical sessions, user interests for data locality, and re-
finement patterns for iterative query development.

Logical Query Sessions Formally, a logical query session [394953] is a se-
quence S = (q1,-..,¢n) initiated by a goal G, representing the user’s initial
intention (e.g., exploring a forum) and determining only the initial query g¢;.
Subsequent queries are selected through a directed graph of valid template tran-
sitions, where the output type of one query determines which templates can be
instantiated next. When possible, instantiation values for ¢; 1 are drawn from
the result set R(g;).
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To model logical sessions in our query sequences, we categorize queries into
four topics: person-specific messages, forum information, person attributes, and
message attributes. We create a directed graph to govern session flow by mapping
each template’s output types to valid subsequent templates. Within a session, a
template dynamically derives its instantiation values from the previous query’s
results. We simulate this process by executing centralized LDBC SNB queries via
QLever [§] and randomly sampling the results to instantiate the next template,
defaulting to interest-based instantiation if the result set is empty.

For example, consider a dataset where Alice knows Bob, and Bob has pub-
lished a post. The sequence generator initiates a session by executing Q1 to
discover Bob’s posts. The engine returns a specific post URI
(e.g., <.../bob/posts/1>). To simulate a user clicking this post, the generator
selects a subsequent query template (Q2) that specifically expects a ‘post’ instan-
tiation value and dynamically injects the URI as the subject to fetch the post’s
content. This strict directional dependency ensures structured logical sessions
emerge naturally.

We simulate the session switching behavior from Section [2.2] using a log-
normal probability distribution (mean 15%) [39I53]. A switch randomly triggers
either a new session (interest-based) or resumes a previous one (using its last
query’s results). This means that each query sequence can contain multiple log-
ical sessions concurrently. To prevent repetition and ensure uniform template
distribution, we prohibit backtracking and scale down a template’s selection
probability based on its execution frequency.

Unlike web browsing, which often transitions to disjoint resources, such as
entirely different websites, our session switches operate over a shared graph, cre-
ating structural data overlap. This overlap, combined with session resumption,
requires client-side optimizations to manage both short-term (intra-session) and
long-term (cross-session) temporal locality.

User Interest Modeling Individuals interact more frequently with users shar-
ing similar interests [41]. To simulate this behavior, we use the underlying LDBC
dataset utilized by SolidBench [I9], which inherently models realistic user prefer-
ences. The LDBC generator, Datagen, produces person profiles containing spe-
cific interests, educational backgrounds, and workplaces. It links users based on
these demographic and interest overlaps, yielding a non-random network topol-
ogy with a realistic degree distribution.

‘We use this interest-driven topology to generate template instantiation values
for the first query of each logical session. Specifically, we construct a binary
feature vector vy for each user k: vy = (Tk1,---sThkn, Yk,1s- - Yk,m), Where

x,; = 1 if user k holds stated interest j, and yi; = 1 if user k£ completed study
l.

For each sequence, we randomly select a base person k£ and compute the cosine
similarity between v and the feature vectors of all other users. For example, if
base person “Alice” explicitly lists “Wildlife” as an interest, her feature vector
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aligns perfectly with another user who shares this interest, but not with a user
who solely lists “Pottery”.

Let N be the total number of users. To maintain efficiency at large scale
factors, we restrict our candidate pool to Cj »s, defined as the set of the top
M < N users ranked by similarity to k. Template instantiation values are then
selected probabilistically using a softmax function with temperature 7'

esk’i/T
)
ZuECk M GSk.’U/T

where sj; is the similarity score between base person £ and candidate i €
C,m - Using this softmax, our simulation prioritizes instantiating queries for “Al-
ice” using other wildlife enthusiasts. For templates requiring non-person values
(e.g., posts or forums), selection probabilities are derived from the similarity
scores of the content’s creators, ensuring Alice is routed to “Wildlife” related
resources.

P(i|k) = (1)

Refinement Patterns The benchmark simulates query refinement by ran-
domly applying composable transformations to an instantiated query template.
Following our literature review, we specifically focus on transformations, and
their reciprocal counterparts, that add or modify BGPs (Basic Graph Patterns),
OPTIONALSs, UNIONS, and query instantiation values.

To ensure transformations meaningfully change query execution dynamics
rather than superficially appending triples, we apply the choke point-based
design methodology [4UT1]. The generator sequentially refines a base SolidSes-
sionBench template, translating empirical exploratory usage patterns [5] (Sec-
tion into concrete execution bottlenecks via planning (P) and traversal
(T) choke points. Planning choke points challenge query plan generation, while
traversal choke points change web data discovery and traversal dynamics.

Specifically, planning choke points force engines to adapt execution plans: P.1
tests selectivity estimation through FILTER modifications; P.2 complicates filter
push-downs and non-bgp query planning through UNION or OPTIONAL clauses;
and P.3 and P.4 challenge plan optimization through additions of selective and
non-selective triple patterns, respectively. Traversal choke points expand upon
SolidBench [68/57]: T.1 resizes the reachable sub-web via predicate additions;
T.2 shifts the sub-web by changing the query instantiation value and thus the
traversal seed documents; T.3 modifies the required traversal hops to obtain rel-
evant data(SolidBench L.1-L.6 [57]); and T.4 impacts structural index usability
(SolidBench L.8 [57]).

We map these choke points directly to exploratory query behaviors:

— Result Refinement: Narrows results via FILTER constraints (P.1) and se-
lective triple patterns (P.3).

— Result Generalization: Expands queried classes by adding selective (P.3)
or non-selective (P.4) triple patterns to Basic Graph Patterns (BGPs).
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— Result Extension: Fetches attributes by appending triple patterns to BGPs
(P.3, P.4) or introducing OPTIONAL and UNION blocks (P.2).

— Query Refinement: Modifies query structure by altering OPTIONAL and
UNION blocks (P.2).

— Shifting Query Intent: Substitutes instantiation values to start traversal
from different seed documents (T.1, T.2).

The generator supports variable instantiation within refinements, enabling
users to bind pattern variables to specific values randomly sampled from config-
uration files. For example, a FILTER refinement can dynamically restrict posts
to a specific month using instantiation values within a FILTER clause, identical
to standard query template instantiation.

Users can define custom refinement patterns via JSON files to add to the
default configurations. These defaults, alongside documentation and pattern de-
scriptions, are available on (https://github.com/SolidBench/SolidBench.js/tree/
master /templates/refinements).

3.2 Hyperparameters

The sequence generation process introduces several new hyperparameters, which
are detailed in Table [1| together with their default values. To guarantee repro-
ducibility despite extensive random sampling, a single seeded pseudo-random
number generator (PRNG) is used throughout the entire pipeline.

Table 1. LogT-normal distribution parameters (u,o) control the queries per se-
quence, queries per logical session, and the probability of switching logical ses-
sions. Refinement parameters define the likelihood (patternProbability) and bounds
(min/maxRefinementLength) of generating a refinement sequence for a given query.
Instantiation relies on a softmax temperature and a maxLogits cutoff for similarity-
based entity selection.

Category Parameter Value
Distributions (u, o) Sequence Length 3.0,0.2
Session Length 1.7, 0.5
Transition Probability -2.0, 0.25
Refinements patternProbability 0.1
min/maxRefinementLength 2, [3-5]
Instantiation temperature 0.1
maxLogits 5-10

4 Caching in Link Traversal-based Query Processing

Unlike traditional query engines that evaluate queries against a centralized, pre-
built index, LTQP evaluates queries directly over the live Web [57129] using
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the “follow-your-nose” principle. Starting from a seed URI, the engine fetches
data through a link queue governed by reachability criteria [30] and stores re-
trieved triples in an in-memory active local store, typically using dictionary en-
coding [56]. Caching in this paradigm has been shown to mitigate the high
network latency of LTQP by retaining recently accessed Web documents [27].

We use the Comunica LTQP engine [56/58]. As a JavaScript-based engine, it
asynchronously interleaves traversal and local query execution through the event
loop. We integrate three Least Recently Used (LRU)-based caching approaches,
all of which cache dereferenced triples in-memory to reduce latency:

Unindexed Cache This baseline caches raw triple arrays with source metadata
and indexes them in the active local store upon a cache hit.

Indexed Cache This approach pre-indexes triples before caching and, upon a
hit, extracts only triples matching the query patterns. This reduces local store
memory and indexing overhead, at the cost of higher initial ingestion costs.

Indexed Cache + Cardinality Estimation This approach uses the indexed cache
to estimate quad pattern cardinalities across cached documents, replacing zero-
knowledge heuristics [28] with Comunica’s cost-based optimizer [56] to generate
more accurate query plans.
We evaluate small (350k quads, ~10% of the dataset), medium (700k, ~20%),
and large (1.4M, ~40%) cache capacities. Our implementations adhere to
RFC 9111 [22] and interpret standard HTTP headers such as Cache-Control.
Because the benchmark dataset is static, entries require no revalidation and never
become stale, so observed hit rates are likely higher than in a live environment.
Comparing these strategies establishes caching baselines for realistic user-
centric workloads and provides a basis for future research into advanced caching
approaches.

5 Evaluation

We evaluate our benchmark using a scale 0.1 SolidBench dataset comprising
158,233 RDF files, 1,531 vaults, and 3,556,159 triples. Applying the default hy-
perparameters from Table 1, we generated 8 sequences totaling 192 interactive-
workload queries, encompassing both discover and short templates. Experiments
were conducted on an Ubuntu 20.04 machine (Intel Core 15-9400) with 16 GB
RAM and a 180-second timeout. To minimize variance and simulate realistic
networks, we repeated each sequence 10 times with 70-90 ms injected latency
to simulate realistic network conditions. Caches were scoped to individual se-
quences, allowing reuse across interleaved or resumed logical sessions while en-
suring no state was shared between repetitions.

These experiments aim to validate our sequence generation by assessing how
our design choices influence query correlation, measured via cache hit rates and
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Fig. 1. Performance profiles of the tested cache algorithms. The y-axis shows the per-
centage of queries executing within a factor (x-axis) of the fastest algorithm. Curves
closer to the top-left indicate better overall performance. The y-intercept (x = 1) shows
how often an algorithm is the outright fastest, while the rightward trajectory demon-
strates robustness (e.g., x = 2,y = 80% means 80% of queries execute within twice the
fastest time). From the figure, we observe that all caching-based approaches outper-
form the no-cache baseline.

evictions, and to establish a caching performance baseline for a Link Traversal-
based Query Processing (LTQP) engine. While we report speedups to demon-
strate utility, the primary focus is benchmark validation rather than exhaustive
algorithm evaluation.

5.1 Global Cache Performance

Figure [1| compares performance profiles [I8] for each approach against the no-
cache baseline. As expected, all caching methods outperform the baseline.

For the unindexed cache, small (350k triples) and medium (700k triples) sizes
perform similarly. The large cache (1,400k triples) significantly improves speed
by retaining enough entries across the sequence. However, the baseline resolves
more total queries, suggesting cache management overhead causes timeouts for
longer queries.

The indexed cache has a higher failure rate, as initial indexing costs slow
execution when the eviction rate outweighs the increased efficiency of cache
hits. Still, it accelerates successful queries more than the unindexed cache. It
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also reaches critical capacity sooner, with medium and large sizes performing
similarly.

Overall, the indexed cache with cardinality estimation performs best, in-
creasing speed and solving more queries. Notably, larger cache sizes degrade
performance. A possible mechanism for this is that the estimator evaluates all
cache entries, including irrelevant unreachable data from past queries. This ac-
cumulated noise likely can degrade estimates, suggesting the estimator favors
smaller, fresher caches.

5.2 Logical Sessions

To evaluate the effect of logical sessions on client-side caching, we measure the
cache hit rate deviation (A) from the overall average for queries that start a new
session, switch to a previous session, or remain within the current session.

Web browsing workloads exhibit strong temporal locality. Since LRU retains
recently accessed objects, its hit rate follows this locality: it is highest within
a session, lowest for new sessions that introduce a different working set, and
intermediate when returning to a previous session [36I33/42/60].

Table [2] confirms this behavior. Within-session queries consistently achieve
above-average hit rates, while new sessions incur the largest performance penalty.
Returning to a previous session causes a smaller reduction, indicating that part
of the previous working set remains cached. These effects are strongest for small
and medium cache sizes.

Table 2. Impact of logical session status on algorithm performance. Values denote
cache hit rate deviations from the global average across new, existing, and within-
session queries. Negative values indicate reduced performance.

Cache Algorithm New Session Existing Session Within Session
Abs. %  Abs. %  Abs. %
unindexed-1 -0.066 -12.278 -0.014 -2.474  0.011 1.931
unindexed-m -0.056 -15.649 -0.031 -7.900 0.024 5.486
unindexed-s -0.071 -24.275 -0.021 -6.551  0.017 4.582
indexed-estimate-1 -0.053 -10.573  -0.015 -2.796  0.012 2.127
indexed-estimate-m ~ 0.028 7.174  -0.000 -0.064  -0.000 -0.035
indexed-estimate-s ~ -0.044 -14.305 -0.013 -3.921  0.010 2.924
indexed-1 -0.026 -5.011 -0.003 -0.571  0.003 0.467
indexed-m -0.087 -22.782 -0.021 -5.098  0.017 3.682
indexed-s -0.033 -11.036  -0.015 -4.470  0.012 3.153

The observed behavior matches the expected response of LRU to temporally
local workloads, indicating that our simulated logical sessions capture a key
characteristic of real browsing behavior. This also suggests that cache sizing
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and eviction policies should account for session-switching behavior. Future work
should investigate retaining entries shared across sessions or maintaining session-
aware caches to reduce misses when users alternate between tasks.

5.3 Refinement Patterns

To evaluate iterative query refinement simulation, we analyze cache behavior
across refinement depths. Figure [2] shows that hit ratios increase progressively
as queries undergo sequential refinement. Across all algorithms, hit rates increase
at depths 2 and 3, confirming that refinement heavily reuses prior data.

—e— Hit Ratio (Line) ~ —@— indexed-cache & unindexed-cache

Evictions (Bar) indexed-cache-estimation

Cache Size: S Cache Size: M Cache Size: L

0 1 2 3 1 0 1 2 3 1 0 1 2 3 1
Refinement Depth (0 = Base Template) Refinement Depth (0 = Base Template) Refinement Depth (0 = Base Template)

Fig. 2. Cache hit ratios and percentage of cache capacity evicted across refinement
depths for small, medium, and large cache configurations.

At higher refinement depths, performance depends heavily on cache capac-
ity. Large caches sustain high hit rates through depth 4, whereas small caches
experience significant thrashing, and degraded hit ratios.

Surprisingly, the indexed cache without estimation maintains high hit rates
at small capacities. Different caching mechanisms alter how the Node.js event
loop schedules traversal and join executions, changing traversal order and rate.
We suspect this variance increases temporal locality, though further analysis
is needed to confirm the exact mechanism and explain why the indexed cache
outperforms the unindexed baseline.

The observed cache hit rate and eviction differences directly translate to mea-
surable execution speedups. Figure 2 illustrates that the geometric mean speedup
generally scales positively with refinement depth, with a more pronounced effect
for the throughput. The indexed-cache algorithm proves particularly effective
for prolonged exploratory sequences, achieving substantial throughput gains at
depth 4 compared to the unindexed alternatives.
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Fig. 3. Geometric mean of observed speedups and increases respectively for total exe-
cution time and query throughput relative to the no caching baseline across refinement
depths.

5.4 Comparison To Other Evaluation Methods

Microbenchmarks - Theoretical Hit Rate Analysis Cache literature extensively
uses microbenchmarks of various forms to analyze caching performance [4327].
To compare the conclusions of such a benchmark to the conclusions of the bench-
mark introduced in this paper we investigate theoretical caching speedup without
management costs, by executing each query template twice with simulated cache
miss probabilities. We excluded the estimation-based approach, as using the full
cache for estimation would skew the results for miss rates above zero.

Figure [] shows representative performance profiles for the workload. Most
templates (8 out of 12) show reliable improvement that scales with the hit rate
for both algorithms. However, certain long-running queries (e.g., interactive-
discover-6, 7, and short-3) show no speedup, and some even experience slow-
downs. These templates traverse many solid pods but do not require all tra-
versed data. We hypothesize that rapidly serving documents from an in-memory
cache overwhelms the system with data, slowing result production. Conversely,
HTTP network latency gives the JavaScript event loop time to process the join
execution pipeline, yielding initial results faster since only the first few requests
are needed.

Both caching approaches perform similarly overall, but the indexed cache
significantly reduces time-to-first-result across most templates. As expected, in-
dexed caching is highly advantageous without evictions. However, the initial
indexing cost creates a trade-off: it amplifies both speedups and slowdowns rel-
ative to an unindexed cache. While this micro-benchmark approach aligns with
prior literature [43], our mixed findings show that micro-benchmarks alone fail
to thoroughly evaluate client-side caching optimizations. This limitation demon-
strates the clear need for the comprehensive benchmark we introduce in this
work.
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Fig.4. Performance of unindexed and indexed caches across representative query
templates. The y-axis shows the mean speedup relative to a baseline with a 0% hit
rate. Shaded regions denote the 90th percentile

Random Query Sequences Another common approach is to use random query
sequences from an existing benchmark [44T0I274323]. Figureshows execution
times for sequences created by randomly grouping default SolidBench.js queries.

For these random sequences, only large caches perform well, while smaller
ones degrade below the baseline. These results misleadingly suggest that large
caches are vital, whereas our benchmark demonstrates significant performance
benefits even with smaller sizes. As expected, the estimation cache performs well
in both scenarios because cardinality estimation does not require cache hits.

Scope and Limitations We evaluate SolidSessionBench against microbenchmarks
and random sequences, but explicitly exclude hand-crafted scenarios and simple
distributions. Hand-crafted methods lack scalability, while simple distributions
fail to capture complex user habits. By automating logical sessions and user
interests, our benchmark functions as a scalable superset of both approaches,
making direct comparison redundant. By contrast, the compared methods do
not incorporate these sequence attributes, and our results show this omission
risks drawing inaccurate conclusions.
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Fig. 5. Performance profile of the tested cache algorithms on random query sequences.
The y-axis shows the percentage of queries that execute within a given performance
factor (x-axis) of the fastest algorithm for that query.

6 Conclusion

We introduced SolidSessionBench, an evidence-based benchmark for generat-
ing realistic query sequences in decentralized environments. By modeling logical
sessions, user interests, and iterative refinement, it captures client-side perfor-
mance dynamics missed by traditional methods. While primarily designed for
Solid, our underlying concepts apply to emerging standards like Linked Web
Storage (LWS), which we will support once W3C specifications are finalized.

The simulation methodology is highly configurable. Adapting to new data
schemas (e.g., a Mastodon network) only requires mapping the fragmentation
configuration to the ActivityStreams vocabulary, not a structural overhaul. Ex-
tending the query workload is also straightforward: researchers can introduce
new exploratory behaviors by defining a query template and mapping its depen-
dencies in the session configuration graph.

To ensure longevity, we integrated SolidSessionBench into the core Solid-
Bench ecosystem and documented a sustainability plan (https://github.com/
SolidBench/SolidBench.js/wiki/Sustainability-Plan). As SolidBench is a stan-
dard community resource for evaluating decentralized query execution
[20062126]59], this integration encourages broad adoption for evaluating client-
specific optimizations.

The modular, MIT-licensed framework and reproducible experimental setups
are available at
https://github.com/RubenEschauzier /simulated-query-sequence-paper. This ex-
tensible architecture allows researchers to easily modify components for future
requirements without disrupting the evaluation pipeline.
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