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Abstract

Self-driving data systems require realistic query workloads to train
and evaluate adaptive components, but production traces are rarely
shareable, and template-based benchmarks miss key dynamics such
as temporal variation, session-driven dependencies, refinements,
and workload shift. We present WorkLoadWeaver, a benchmark-
grounded pipeline that constructs a workload specification from a
set of query templates and optional domain assumptions. The speci-
ficationmodels personas and temporal profiles, persona-conditioned
query transitions with within-template refinements, and event-
driven perturbations. WorkLoadWeaver additionally supports
varying user participation, ranging from fully automated spec con-
struction to human checkpoints that provide structured summaries
and allow edits and constraints.

CCS Concepts

• Information systems→ Database performance evaluation;
Database query processing; Autonomous database administration; •
Computing methodologies→ Multi-agent systems.
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1 Introduction

Modern data systems [4, 14–16] are increasingly expected to drive
and manage themselves autonomously. They tune their own physi-
cal design, adapt their execution strategies, and respond to shifting
workloads — all without manual intervention. To do this, they rely
on workload traces: ordered sequences of queries that inform the
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system what to observe, learn, and optimize. However, building and
evaluating these self-driving components requires realistic work-
loads. Without them, it is hard to know whether a system will hold
up under the conditions it will face in deployment.

Real-world traces are rarely available outside the organizations
that produce them, due to sensitive business logic, proprietary
schema details, and private user data. Synthetic benchmarks such as
TPC-H and TPC-DS [18, 19] are natural fallbacks. However, they fall
short. They offer a fixed set of templates and overlook the dynamics
that matter most: temporal bursts and cycles, users refining and
drilling down over the course of a session, and distribution shifts
triggered by external events. Recent work confirms that they also
miss patterns commonly seen in practice, such as query repetition
and gradual workload drift [22]. Beyond query patterns, prior work
also highlights limitations in how these benchmarks model skew
and correlation structure. For example, assuming independence
across columns and tables produces unrealistic data distributions,
meaning self-driving components are never stress-tested against
the skewed, correlated workloads they will face in practice [3].

LLM-based synthesis is a promising path forward, capable of
generating richer and more flexible workloads [17]. However, it
introduces new risks around grounding and hallucination [23].
What is needed, therefore, is a synthesis approach that combines the
structure and reliability of template benchmarks with the flexibility
to model real workload dynamics.

Toward this goal, we introduceWorkLoadWeaver, a benchmark-
grounded pipeline for constructing workload specifications that
can be replayed as query traces. WorkLoadWeaver takes as re-
quired input a query template benchmark, including schema and
templates, along with optional domain assumptions and human
defined rules, and optionally a dataset or data generator to infer
data-driven correlations. It produces a structured workload specifi-
cation with three components: a persona-driven temporal model
specifying how different categories of actors generate queries over
time; a dependency model capturing query-to-query transitions
and within-template refinements; an event and perturbation model
that simulates distribution shift and event-triggered querying.

WorkLoadWeaver is realized as a pipeline of sequential agents.
The Persona Agent constructs the behavioral layer of the work-
load: it proposes personas, their counts, temporal intensity profiles,
per-persona query template transition graphs, and within-template
refinement operator distributions that govern how users iteratively
adjust parameter values (e.g., tightening a date range or changing
a grouping column) across consecutive queries in a session. The
Parameter Dependency Agent grounds the parametric layer: it
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proposes value domains, predicate range bands, and attribute corre-
lation structure for template slots, optionally using a dataset or data
generator analyzer to derive empirically grounded dependencies;
absent such input, the agent makes explicit assumptions about value
distributions and selectivity. The Event and Perturbation Agent

constructs the shift layer: it proposes event occurrence models,
trigger mappings from events to query templates, and perturbation
rules that simulate shifts in workload distribution.

After each agent stage, WorkLoadWeaver emits a structured
Workload Assumption Summary listing the generated model
components and all assumptions made; the user may accept the
output to proceed automatically, edit or add constraints to steer the
next stage, or iterate until satisfied, giving the pipeline tunable and
transparent human involvement.
Contributions.Designing realistic synthetic workloads raises chal-
lenges in grounding LLM-based synthesis, modeling intra-session
query dependencies, simulating workload shifts without production
traces, and maintaining transparent human oversight. We make the
following contributions to address them:
• Grounded synthesis. Using LLMs for workload synthesis, with-
out careful grounding, may cause models to hallucinate schema
semantics and produce queries that look plausible but are struc-
turally unrealistic. We present a multi-agent pipeline that anchors
synthesis in a query-template benchmark, optional domain assump-
tions, and optionally data-grounded dependency signals, ensuring
that generated workloads remain aligned to real schema and data.
• Context-aware query dependencies. Realistic workloads are
not independent draws: users iterate, refine predicates, and branch
their analysis across a session in ways that standard benchmarks
do not capture. We propose a workload specification that models
persona-driven temporal intensity and query-to-query dependen-
cies, reflecting how analysis naturally evolves within a session.
• Workload shift evaluation in the absence of traces. Self-
driving systems are deployed in environments where workloads
shift due to incidents, releases, and seasonal effects, yet production
traces for validating synthetic workloads are rarely available. We
introduce an event and perturbation model that simulates such
shifts, along with a lightweight evaluation protocol to validate
synthetic workloads without requiring production traces.
• Transparent human oversight. Automated synthesis pipelines
can be opaque, making it hard to trust or steer the output. To remedy
this, we introduce human checkpoints with structured workload
assumption summaries that let users inspect, edit, and constrain
generated artifacts at each stage, keeping the pipeline transparent
and controllable throughout.

2 Related Work

Template-based benchmarks. TPC-H and TPC-DS [18, 19] are
the standard decision support benchmarks, providing schema, pa-
rameterized query templates, and a data generator. They expose a
fixed template set with independent, identically distributed query
draws and nomodel of temporal dynamics or user behavior. DSB [3]
addresses some limitations by introducing richer skew and corre-
lation structure, and simulates workload drift via parameterized
statistical shifts; however, its drift model is defined by mathematical

functions rather than semantic drivers such as user intent or ex-
ternal events, and it does not model query-to-query dependencies
within sessions. CAB [20] introduces multi-tenancy and arrival
time patterns grounded in Snowflake traces, but draws queries
heuristically from a TPC-H pool without modeling session struc-
ture or refinement behavior. Stitcher [21] takes a step toward trace-
grounding by using Bayesian optimization to tune query frequen-
cies and concurrency levels from existing benchmarks to match a
target performance profile (CPU, I/O, latency); however, it operates
on aggregate metrics only, and does not model operator distribu-
tions or session dependencies, and still requires a performance
trace as its synthesis target. WorkLoadWeaver differs from all
of these by generating a full workload specification that models
who issue queries, how queries evolve within sessions, and how
the workload shifts under external events, requiring only a query
template benchmark as input.
Trace-driven synthesis. RedBench [22] extracts workload pat-
terns directly from production Redshift and Snowflake traces, pre-
serving temporal bursts, structural repeats, and high DML ratios,
representing the state of the art in trace fidelity. PBench [23] takes
a hybrid approach: given aggregate execution statistics from cloud
traces (CPU time, query-plan operator distributions) rather than
raw SQL, it formulates workload synthesis as a multi-objective ILP
over existing benchmark components, using an LLM augmenter
to fill gaps. Both systems are fundamentally reactive and trace-
dependent; RedBench requires full production SQL logs, and PBench
requires trace statistics, but neither can generate what-if scenarios
for new schemas, hypothetical user populations, or unseen event
types. WorkLoadWeaver is generative and benchmark-grounded,
requiring no production traces and producing a controllable, re-
playable specification from a query template benchmark alone.
LLM-based workload synthesis. SQLBarber [11] uses LLMs to
generate SQL templates from natural language specifications and
matches a target cost distribution (cardinality, execution plan cost)
via a Bayesian optimizer and self-correction loop, grounded in
Redshift and Snowflake execution statistics. SQLStorm [17] uses
LLMs to generate large, diverse query sets for stress-testing query
optimizers and identifying system crashes, prioritizing structural
coverage over workload dynamics. Both systems operate at the
level of individual query generation: they produce a set or bag of
queries optimized for cost fidelity or structural diversity, with no
model of temporal intensity, session evolution, or event-driven shift.
WorkLoadWeaver addresses this gap by anchoring LLM agents
to a supplied query template benchmark, restricting generation to
behavioral and distributional parameters rather than raw SQL, and
surfacing all assumptions at human checkpoints for inspection and
correction.
Semantic query processing and ML-integrated benchmarks.

A related line of work studies semantic query processing, where
relational queries invoke expensive UDFs or ML models during
execution to enrich tuples with derived concepts. Systems such as
EnrichDB [4] and JENNER [5], and specialized query optimizers
like Raven [7] and Willump [10], focus on reducing the latency
of these costly semantic operators through caching, filtering, and
approximation. Benchmarks such as SmartBench [6] and TPCx-
AI [1] evaluate these capabilities by embedding inference-heavy
or semantically enriched queries into fixed scenarios. In contrast,
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WorkLoadWeaver does not optimize the execution of semantic
operators themselves, but models when and why such enrichment
demands arise, including shifts driven by users, sessions, and exter-
nal events.

3 Workload Specification Model

A workload specificationW is a structured, generative description
from which a deterministic sampler produces a query stream at
any scale. W comprises five coupled models, each answering a
distinct question about the workload: who issues queries and when,
what sequence of templates they follow, how parameter values
are drawn and refined within a session, and what external events
perturb query traffic and data state. These are: (1) a grounding layer
that fixes schema and template constraints, (2) a persona and arrival
model, (3) a template transition model, (4) a parameter instantiation
and refinement model, and (5) an event and perturbationmodel. The
models are coupled in that they exchange information at generation
time, yet separable in that any model can be simplified or disabled
without invalidating the others. All assumptions are surfaced in a
Workload Assumption Summary at human-in-the-loop checkpoints
between agents (Section 4), where users may inspect, correct, and
iterate before generation proceeds.

We begin with two definitions used throughout.
Definition (Persona).A persona is a category ofworkload-generating
actor, either a human role (analyst, operator, customer) or an auto-
mated process (ETL job, monitoring daemon, dashboard refresh). A
persona describes a kind of actor, not a specific individual; many
users may instantiate the same persona.
Definition (Session).A session is a bounded sequence of queries is-
sued by one instance of a persona within a contiguous time window,
where queries are logically related by a shared task or investigation.
A session terminates when the user departs, a configurable inactiv-
ity timeout elapses, or the session reaches a maximum length.

3.1 Grounding Layer

The grounding layer defines the hard constraints that every gen-
erated query must satisfy. It requires two inputs: a schema 𝑆 spec-
ifying tables, columns, types, constraints, and foreign keys, and
a set of parameterized query templates 𝑄 = {𝑞1, . . . , 𝑞𝑚}, each a
SQL statement with named placeholder slots that are filled with
concrete values at generation time.

Validity is formalized per parameter slot. Let Dslot denote the
domain of slot 𝜎 as declared in 𝑆 . The grounding layer maintains a
validity function 𝑉𝜎 : T → 2Dslot mapping each timestamp to the
set of admissible values. For static data,𝑉𝜎 is constant and extracted
once from the schema or an optional dataset. For dynamic data, 𝑉𝜎
evolves as the event model fires (Section 3.5): insertions expand the
valid set, deletions shrink it, and updates may invalidate previously
admissible values. The generator validates every sampled value
against 𝑉𝜎 (𝑡) at instantiation time and resamples if necessary.

3.2 Persona and Arrival Model

Let 𝑃 = {𝑝1, . . . , 𝑝𝑘 } be the set of personas, each assigned a relative
weight𝑤𝑝 ≥ 0 with

∑
𝑝 𝑤𝑝 = 1. The query arrival rate for persona

𝑝 at time 𝑡 is
rate𝑝 (𝑡) = Λ ·𝑤𝑝 · 𝜆𝑝 (𝑡), (1)

where Λ > 0 is a global scale factor (peak queries per unit time)
and 𝜆𝑝 (𝑡) ∈ [0, 1] is the persona’s temporal intensity profile, with
peak value 1.

Temporal intensity. Database workloads exhibit strong diurnal
and weekly cycles [12], and sinusoidal rate functions have been
shown to fit real-world arrival processes in service systems empiri-
cally [8]. The intensity profile is therefore expressed as a weighted
sum of Fourier components across three timescales:

𝜆̃𝑝 (𝑡) =
∑︁

𝑠 ∈ {hour, day,month}
𝛼𝑝,𝑠 𝑓𝑝,𝑠 (𝑡), (2)

where each 𝑓𝑝,𝑠 is a truncated Fourier series with the natural period
of timescale 𝑠 (24 hours, 7 days, 12 months), and 𝛼𝑝,𝑠 ≥ 0 are mixing
weights with

∑
𝑠 𝛼𝑝,𝑠 = 1. The Fourier coefficients of each 𝑓𝑝,𝑠 are fit

by least squares to a small number of agent/human-supplied control
points, such as “peak at hour 9, value 1.0; overnight near 0.1.” We
then normalize 𝜆𝑝 (𝑡) = 𝜆̃𝑝 (𝑡)/max𝑡 ′ 𝜆̃𝑝 (𝑡 ′) to ensure 𝜆𝑝 (𝑡) ∈ [0, 1].

Using relative weights rather than absolute user counts decou-
ples workload shape from scale: Λ controls total volume, while w
controls the persona mix, making it straightforward to sweep either
independently (Section 5).

3.3 Template Transition Model

For each persona 𝑝 , the template transition model specifies a start
distribution 𝜋𝑝 over 𝑄 and a row-stochastic transition matrix

𝑃𝑝 (𝑞′ | 𝑞), 𝑞, 𝑞′ ∈ 𝑄, (3)

giving the probability that a user following persona 𝑝 issues a
query of template 𝑞′ immediately after one of template 𝑞 within the
same session. Self-loops 𝑃𝑝 (𝑞 | 𝑞) > 0 naturally capture repeated
execution of the same template, common in monitoring and dash-
board workloads, without requiring a separate operator. Persona
conditioning is essential: an analyst typically drills down from a
summary to a detailed query, whereas an ETL process executes a
fixed pipeline; a single global matrix would conflate these incom-
patible behaviors. When finer temporal resolution is needed, the
transition probabilities may be conditioned on a small number of
time regimes (e.g., peak, off-peak, maintenance window), yielding
per-regime matrices 𝑃𝑝,𝑟 (𝑞′ | 𝑞).

3.4 Parameter Instantiation and Refinement

Model

For each parameter slot 𝜎 in each template 𝑞, the instantiation
model specifies a distribution F𝜎 from which concrete values are
drawn at generation time. The refinement model then governs how
parameter values are modified within a session before the next
template transition fires. Since the query structure is fixed by the
template, all refinement operators act exclusively on parameter
values, not on the structure of the query.

Parameter distributions. WorkLoadWeaver supports twomodes
for constructing F𝜎 . When a dataset or data generator is provided,
distributions are fit directly to the data: value ranges, categorical fre-
quencies, and cross-slot correlations are extracted from the actual
data, yielding grounded, high-fidelity distributions. When only the
schema is available, WorkLoadWeaver infers plausible distribu-
tions from schema metadata and column semantics. Column types,
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constraints, and names (e.g., order_date, discount, quantity)
are used to propose initial ranges and distributional shapes. Rather
than restricting choices to a fixed menu of standard families, Work-
LoadWeaver may propose custom, semantically meaningful distri-
butions, for example, “a heavy-tailed distribution with most queries
falling in the last 90 days but occasional full-history scans.” These
proposals, together with their natural-language justifications, are
surfaced in the Workload Assumption Summary for user review
and correction.

Slots within a template may be statistically dependent: for ex-
ample, the start and end of a date range are positively correlated,
and a product category may constrain the set of admissible prod-
uct identifiers. These dependencies are encoded in a per-template
dependency graph G𝑞 , a directed acyclic graph over slots where an
edge 𝜎 → 𝜎 ′ indicates that the distribution of 𝜎 ′ is conditioned on
the sampled value of 𝜎 . Values are drawn in topological order and
validated against 𝑉𝜎 (𝑡) after each draw.

Table 1: Refinement operators. All operators act on parameter

values within a fixed template structure.

Operator Slot type Effect

NoAction None Useful for static queries

TightenRange Numeric / date
[𝑙𝑜, ℎ𝑖 ]

[𝑙𝑜 + 𝛿, ℎ𝑖 − 𝛿 ], sampled 𝛿 > 0

LoosenRange Numeric / date
[𝑙𝑜, ℎ𝑖 ]

[𝑙𝑜 − 𝛿, ℎ𝑖 + 𝛿 ]

ShiftWindow Date [𝑙𝑜, ℎ𝑖 ] [𝑙𝑜 + Δ, ℎ𝑖 + Δ], sampled Δ

ChangeLimit Integer limit Resample from F𝜎
ChangeGroupBy Categorical Resample from F𝜎

Refinement operators. Within a session, a user may adjust param-
eter values before the next template transition is launched. This
behavior is modeled through a small set of refinement operators,
each acting on a specific slot type. At each refinement step, an
operator is sampled from a per-(persona, template) distribution
𝑃𝑝,𝑞 (op), applied to the current parameter state, and the result is
validated against the grounding layer. Refinement continues until
the transition model is triggered. The supported operators are listed
in Table 1.

3.5 Event and Perturbation Model

The event model introduces exogenous real-world processes that
affect both query traffic and data state independently of user ses-
sions. Each event type 𝑒 is characterized by three components: an
occurrence model 𝜆𝑒 (𝑡), a query trigger, and a data-state effect
which we describe below.
• The occurrence model 𝜆𝑒 (𝑡) is a Fourier-parameterized rate
function, specified in the same form as persona intensity profiles
(Section 3.2). For example, a nightly batch load peaks at 2 am; a
monthly financial close fires on the last business day of each month.
• The query trigger 𝑃 (𝑞 | 𝑒, 𝑝) specifies which templates fire,
and through which persona, when event 𝑒 occurs. For instance, a
batch data load may trigger a burst of post-load validation queries
through the ETL persona, followed by dashboard refresh queries
through the analyst persona.

• The data-state effect describes how the event mutates the valid-
value sets maintained by the grounding layer. Three categories of
events are supported. Arrival events ingest new data (batch loads,
streaming inserts), expanding valid ranges and increasing cardi-
nality. Mutation events apply updates or deletes (price changes,
order cancellations, schema migrations), which may invalidate pre-
viously admissible parameter values and shift query traffic toward
templates that reflect the changed state (e.g., a cancellation spike
drives a burst of refund-lookup queries). Shock events represent
external disruptions such as a flash sale or a system outage: they
drive a sudden change in arrival rate and template distribution for
a bounded time window and may coincide with data mutations
(a flash sale generates new orders, expanding the valid order-ID
range).

The total observed query rate at time 𝑡 is the sum of persona-
driven and event-triggered traffic:

total(𝑡) = Λ
∑︁
𝑝

𝑤𝑝 𝜆𝑝 (𝑡) +
∑︁
𝑒

𝜆𝑒 (𝑡) · E[queries per 𝑒] . (4)

Because all intensity profiles are Fourier-parameterized, the spec-
ification supports controlled perturbation: scaling amplitudes ad-
justs intensity, rotating phases adjusts timing, and injecting harmon-
ics adjusts burstiness, each at preset severity levels (mild, moderate,
severe) with measurable spectral distance.

4 WorkLoadWeaver Architecture

WorkLoadWeaver constructs the workload specificationW de-
scribed in Section 3 through a three-stage pipeline of sequential
LLM agents, followed by a deterministic generation stage. Each
agent is instructed to generate its output together with the ob-
servations or assumptions that justify it. Figure 1 summarizes
the end-to-end pipeline. The required inputs are a schema 𝑆 and
a template set 𝑄 , which are solid blue rectangles. Optional in-
puts, which are dash blue rectangles, include a domain descrip-
tion, a dataset or data generator, and a set of per-agent validation
rules/policies {R1,R2,R3}, which encode user-defined constraints
for automatically checking whether each intermediate sub-spec
is consistent with the domain requirements before the pipeline
proceeds.

The three agents are sequential, because each stage depends di-
rectly on the structure produced by the previous one. The Persona
Agent first proposes the workload personas and assigns templates
to persona-specific usage patterns. The Parameter Dependency
Agent then uses this persona-template structure to infer parameter
distributions and refinement dependencies for the corresponding
template and persona combinations. Finally, the Event Agent uses
both the persona structure and the parameter dependency graph to
generate event-trigger mappings that remain consistent with the ex-
isting specification. Running the agents in parallel would force each
to operate without context from the others, risking mutually in-
consistent sub-specs. Beyond ordering, the sequential design keeps
each agent’s prompt focused on a single, well-bounded sub-task,
increasing the proportion of task-relevant evidence in the LLM’s
context window and reducing the risk of hallucination compared to
a single monolithic prompt covering the full specification surface
[2, 9]. Optionally, the user may supply per-stage validation policies
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Figure 1: WorkLoadWeaver System Architecture

— sets of predicate rules that automatically check whether each in-
termediate sub-specification meets domain constraints — reducing
the need for manual review.

A checkpoint layer is applied after every agent stage. The system
emits a structuredWorkload Assumption Summary for the produced
sub-specification, and this summary is then either checked auto-
matically or reviewed by a human operator. When a validation
policy R𝑖 is provided for stage 𝑖 , each rule 𝜌 ∈ R𝑖 is evaluated as a
predicate over the produced sub-spec Ŵ𝑖 :

𝜌 : Ŵ𝑖 → {⊤, ⊥}, (5)

with a diagnostic message emitted on failure. If all rules pass, the
pipeline proceeds automatically to the next stage. If no validation
policy is provided, or if any rule fails, the summary is surfaced
to the operator for human-in-the-loop verification. The operator
may accept the result, edit it directly, or provide feedback for re-
generation before the next stage proceeds. This design supports a
spectrum of usage modes, from manual review at every checkpoint
to fully automated execution under user-defined rules.

4.1 Agent 1: Persona Agent

The Persona Agent constructs the behavioral layer of the specifi-
cation, comprising the arrival, transition, and refinement models
of Sections 3.2–3.4. Its inputs are the schema 𝑆 , the template set 𝑄 ,
and any supplied domain description.

The agent proposes a set of personas, each with a name, role
description, and relative weight 𝑤𝑝 . For every persona it emits
temporal intensity control points at the hourly, daily, and monthly
timescales, session characteristics (length distribution, inter-query
delay, inactivity timeout), the per-persona template transition ma-
trix 𝑃𝑝 (𝑞′ | 𝑞) including self-loop probabilities for repeated tem-
plate execution, and the within-template refinement operator dis-
tribution 𝑃𝑝,𝑞 (op).
Output: Assumption Summary 1. The summary lists every pro-
posed persona, weight, peak time, transition probability, and refine-
ment operator probability. Each value is tagged as Source (derived
from schema constraints or explicit user input) or Assumed (the
agent’s domain-knowledge estimate). For example: “Morning Ana-
lyst peaks at hour 9 (Assumed: no data to confirm)” or “ETL-to-Report
transition probability = 0.6 (Assumed: estimated, not observed).” The
operator can accept, edit individual values, add constraints, or re-
run the agent.

4.2 Agent 2: Parameter Dependency Agent

The Parameter Dependency Agent constructs the parametric layer
of the specification, comprising the instantiation and refinement
models of Section 3.4. Its inputs are the schema, the template set,
and the behavioral sub-spec produced by Agent 1. When a dataset
or data generator is provided, the agent analyzes actual data dis-
tributions, value ranges, categorical frequencies, and foreign-key
cardinalities to produce empirically grounded parameter distri-
butions. When no dataset is available, the agent infers plausible
distributions from schema metadata and column semantics, making
all assumptions explicit in the Assumption Summary.

For each parameter slot the agent proposes a distribution F𝜎 ,
which may be a standard family (uniform, Zipfian, normal, categor-
ical) or a custom distribution with a natural-language description
when the data warrants it. It also constructs the per-template pa-
rameter dependency graph G𝑞 and proposes predicate range bands
governing how refinement operators (e.g., TightenRange) modify
the current parameter state.

Output: Assumption Summary 2. Each proposed distribution
and dependency is taggedwith its provenance. For instance: “customer_id:
Zipfian(skew=1.2, range= [1, 10000]); Source: dataset analysis — top
10% of customers account for 60% of queries” versus “s_state: cat-
egorical, 50 states; Assumed: proportional to population (no query
logs).”

4.3 Agent 3: Event and Perturbation Agent

The Event and Perturbation Agent constructs the event layer of the
specification (Section 3.5). Its inputs are the schema, the template
set, and the behavioral and parametric sub-specs from the first two
agents.

The agent proposes event types (batch loads, mutations, exter-
nal shocks), occurrence models 𝜆𝑒 (𝑡) expressed as Fourier control
points, trigger mappings 𝑃 (𝑞 | 𝑒, 𝑝) specifying which templates
fire for which persona when an event occurs, and data-state effects
describing how events mutate the valid-value sets𝑉𝜎 (𝑡) maintained
by the grounding layer.

Output: Assumption Summary 3. Example entries include: “Nightly
batch load at 2 am, duration ∼ 1 hr; Assumed: based on common
ETL patterns” and “Batch load triggers validation queries Q44–Q46
through the ETL persona with 𝑃 =0.8.”
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4.4 Workload Stream Generator

After all Assumption Summaries have been approved or automati-
cally validated, the three sub-specs are merged into a final workload
specification W. The merge stage fits Fourier coefficients to all
control points and validates consistency: persona weights sum
to 1, all template references exist in 𝑄 , transition matrices are row-
stochastic, parameter ranges lie within schema constraints, the
dependency graph G𝑞 is acyclic, and event triggers reference valid
personas and templates. The validated specification, together with
a global scale factor Λ, a time range [𝑡start, 𝑡end], and a random seed,
is passed to the Workload Stream Generator.

The generator advances over discrete time steps. At each step
it first processes exogenous events by sampling occurrences from
𝜆𝑒 (𝑡), producing event-triggered query candidates via 𝑃 (𝑞 | 𝑒, 𝑝),
and updating the valid-value sets 𝑉𝜎 (𝑡) according to the data-state
effects specified for each event. Next, for each persona 𝑝 , the genera-
tor samples the number of new sessions using a non-homogeneous
Poisson process with rate proportional to 𝜆𝑝 (𝑡), initializing each
session by drawing a starting template from 𝜋𝑝 .

For each active session with current template 𝑞 and parame-
ter state state, the generator constructs a candidate set of next
query instances from three sources: template transition candidates
from 𝑃𝑝 (𝑞′ | 𝑞), refinement candidates obtained by sampling from
𝑃𝑝,𝑞 (op) and applying the selected operator to the current parame-
ter state, and any event-triggered candidates queued for this per-
sona. Each candidate is scored by its probability under the proposing
model. The generator then samples the next query using greedy
sampling with temperature: the top 𝑘 candidates are renormalized
and a temperature transform 𝑝𝑖 ∝ 𝑝

1/𝑇
𝑖

is applied before sampling,
where lower 𝑇 biases toward higher-probability candidates. Pa-
rameter values for the selected query depend on whether the ses-
sion remains on the same template or transitions to a new one.
If the selected candidate is a refinement of the current template,
its parameter values are produced by applying the sampled re-
finement operator to the session’s current parameter state. If the
candidate transitions to a different template, parameter values are
produced by evaluating that template’s dependency graph G𝑞 in
topological order, sampling each slot from F𝜎 conditioned on up-
stream values, and validating against 𝑉𝜎 (𝑡). All randomness flows
through a seeded pseudo-random number generator, ensuring that
the same specification, seed, and time range produce an identical
query stream.

5 Preliminary Experiments

We evaluate WorkLoadWeaver along four axes:

• RQ1 (Structure): Do WorkLoadWeaver traces exhibit richer
session structure than IID baseline methods?

• RQ2 (Controllability): Does WorkLoadWeaver respond pre-
dictably and interpretably to user-controlled knobs?

• RQ3 (Description Faithfulness): Does WorkLoadWeaver faith-
fully reflect a natural language domain description in the generated
workload?

• RQ4 (Human Checkpoints): Does human checkpoints improve
the integration of domain knowledge that is not inferable from
schema and templates alone?

Setup. All experiments use TPC-H (scale factor 10) as the bench-
mark template set with all 22 query templates. The three LLM agents
(Persona, Parameter, Event) are each powered by Gemini 2.5 Pro
via litellm, though any LLM can be swapped in through the config-
uration file. For RQ1 and RQ2 we generate traces of approximately
1,000 queries each over a simulated 24-hour window. We compare
against two baselines: B1, which draws templates uniformly at
random from all 22 TPC-H templates with parameters sampled
uniformly from their domains; and B2, a CAB-style [20] frequency-
weighted sampler with Poisson inter-arrival times but no session
or persona modeling.

Agent Outputs. We briefly summarize the workload specification
produced by the three LLM agents, as these decisions ground all
subsequent experiments.

Persona Agent. The Persona Agent proposed four distinct per-
sonas for TPC-H, each with a natural-language rationale, a subset
of relevant templates, a temporal activity profile, and a session
configuration. The Strategic Analyst focuses on long-term trends
and profitability (8 templates, ∼8 queries/session, business hours
weekly), chaining pricing reports (Q1) with supply cost analyses
(Q2) and market share queries (Q8). The Operations Manager moni-
tors day-to-day supply chain logistics (9 templates including Q2,
Q3, Q4, Q11, Q12, Q15, Q16, Q20, Q21; ∼5 queries/session, business
hours). The CRM Analyst targets customer segmentation and reten-
tion (5 templates: Q3, Q10, Q13, Q18, Q22; ∼6 queries/session, busi-
ness hours mid-week), while the Automated Dashboard runs a fixed
set of periodic summary queries (Q1, Q4, Q5, Q14) at regular 4-hour
intervals with single-query sessions. Each persona also received a
persona-conditioned sparse transition matrix over templates; the
Strategic Analyst’s matrix, for example, assigns near-deterministic
transitions from Q1→Q7, Q5→Q8, and Q6→Q6 (self-loop for pa-
rameter refinement), with remaining transitions filled with uniform
𝜀-probability.

Parameter Agent. The Parameter Agent produced 59 slot distri-
butions covering all parameters across all 22 templates. Of these, 34
are categorical distributions (e.g., region names, ship modes, part
types) and 25 are continuous distributions (21 uniform, 3 categorical
over date values, 1 normal for Q6 quantity). The agent also pro-
duced 6 dependency DAGs capturing inter-parameter constraints:
Q7 and Q12 enforce distinctness between their two entity parame-
ters (nation1≠nation2, shipmode1≠shipmode2), Q8 enforces that
the selected nation belongs to the selected region, Q16 enforces
distinct sizes across its 8 size parameters, Q19 enforces distinct
brands, and Q22 enforces 7 distinct country codes.

Event Agent. The Event Agent introduced 6 events across all
three categories: (i) Arrival events: an end-of-quarter rush (3× ana-
lyst activity for 10 days) and a regional economic boom (1.5× regional
orders for 30 days); (ii) Mutation events: a new product launch (in-
serts new parts and expands brand parameters) and daily stock
replenishment (updates inventory quantities); (iii) Shock events: a
flash sale (20× promotional orders, 5× all persona activity for 24
hours) and a supply chain disruption (zeroes out a supplier’s inven-
tory, delays open shipments). Each event includes triggered queries
dispatched to specific personas—e.g., the supply chain disruption
triggers Q21 (suppliers who kept orders waiting), Q2 (minimum
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Table 2: RQ1: Session structure comparison. Transition en-

tropy is the conditional Shannon entropy of the empirical

template transition matrix (nats); higher values indicate

more uniform (less structured) transitions. Session length is

the mean number of queries per session.

Metric B1 B2 WorkLoadWeaver

Transition entropy (nats) 2.84 2.83 1.10

Mean session length 1.0 1.0 4.96

Session length std 0.0 0.0 8.30

Table 3: RQ2a: Persona weight sweep. KL divergence of the

template frequency distribution from the pure-Analyst dis-

tribution decreases monotonically as the Analyst fraction

increases.

Analyst fraction 0.1 0.3 0.5 0.7 0.9

𝐷KL 0.097 0.071 0.026 0.014 0.008

cost supplier), and Q11 (important stock identification) for the Op-
erations Manager.

RQ1: Session Structure. Table 2 compares B1, B2, and WorkLoad-
Weaver on two structural metrics: template transition entropy and
mean session length.

Both baselines exhibit transition entropy close to the theoret-
ical maximum of log(22) ≈ 3.09 nats, confirming that their tem-
plate sequences are effectively IID uniform. In contrast, Work-
LoadWeaver achieves a transition entropy of 1.10 nats—a 2.6×
reduction—reflecting the structured template transition patterns
induced by persona-conditioned transition matrices. At the session
level, B1 and B2 generate independent queries (session length =
1 by construction), while WorkLoadWeaver produces realistic
multi-query sessions with a mean length of 4.96 queries (std = 8.30),
capturing coherent analytical workflows. For example, the Strategic
Analyst persona chains pricing summary reports (Q1) with sup-
ply cost analyses (Q2) and market share queries (Q8), while the
Automated Dashboard persona cycles through periodic reporting
templates.

RQ2: Controllability. Table 3 and Table 4 show results for two
knob-sweep experiments.

RQ2a (Persona Weight Sweep). We vary the Strategic Analyst
persona weight from 10% to 90% (redistributing the remaining
weight uniformly among other personas) and measure KL diver-
gence of the resulting template frequency distribution from the
pure-Analyst distribution. The KL divergence decreases smoothly
and monotonically from 0.097 at 10% to 0.008 at 90%, confirming
that WorkLoadWeaver responds predictably to persona weight
adjustments. As the Analyst fraction increases, the template fre-
quency distribution converges toward the pure-Analyst reference
distribution, demonstrating fine-grained controllability over the
workload’s composition.

RQ2b (Event Intensity Sweep).We fix the persona mix and scale
event occurrence rates from 0× (no events) to 4×, measuring the
template frequency shift (KL divergence from the no-event baseline).
The template shift increases monotonically from 0.000 to 0.014

Table 4: RQ2b: Event intensity sweep. Template shift (KL

divergence from the no-event baseline) increases monotoni-

cally with event intensity.

Multiplier 0× 1× 2× 4×
Template shift (𝐷KL) 0.000 0.007 0.011 0.014

Table 5: RQ3: Description faithfulness. No-description condi-

tion is identical across scenarios.

Scenario Condition Concurrency Temporal CV

Startup w/ description 13.66 0.180
Retail Analyt. w/ description 6.82 0.404
Data Pipeline w/ description 20.24 0.137

w/o description (all scenarios) 8.26 0.353

as event intensity rises, confirming that event-triggered queries
measurably alter the workload’s template composition. Together,
RQ2a and RQ2b demonstrate that WorkLoadWeaver exposes in-
dependent, predictable control over two orthogonal dimensions of
workload structure: persona-driven template selection and event-
driven query bursts.

RQ3: Description Faithfulness. To evaluate whether the domain
description input meaningfully steers workload generation, we
author three domain descriptions of contrasting character: (i) a
startup with 20 users and irregular schedules, (ii) a retail analytics
team operating on business-hours cadence with heavy aggregation
queries, and (iii) a data engineering pipeline with low concurrency
and bursty batch arrivals. For each description, we run WorkLoad-
Weaver with and without it (schema and dataset held fixed). We
measure two proxy metrics: concurrency alignment (mean active
sessions vs. the stated user count) and temporal regularity (coeffi-
cient of variation of 𝜆𝑝 (𝑡), where low CV corresponds to activity
spread uniformly across the day and high CV to traffic concentrated
in a narrow window). We report both conditions—with and without
description—for each metric across all three scenarios. We expect
description-conditioned output to move each metric in the direc-
tion indicated by the description, while the no-description baseline
remains at a neutral default.

Table 5 reports both metrics under both conditions for each
scenario. The no-description baseline yields consistent outputs
across all three scenarios (concurrency: 8.26, CV: 0.353), serving
as a neutral reference. In both the startup and retail scenarios,
description-conditioned outputs move each metric in the expected
direction. For the startup scenario, concurrency rises 65% toward
the stated 20-user count and CV drops to 0.180, consistent with a
timezone-diverse team spread across the day. For the retail analytics
scenario, concurrency falls (smaller focused team) and CV rises to
0.404, consistent with traffic concentrated in the stated business-
hours window. For the data pipeline scenario, the Persona Agent
correctly captures the machine-driven character of the description
by generating scheduled batch personas with smooth, uniform
arrival profiles (CV of 0.137, the lowest of all conditions); the higher
apparent concurrency reflects the heavy per-job query volume of
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Table 6: RQ4: Recovery of hidden domain facts. Each check-

point contributes 2 facts.

Condition Recov. Score CP1 (/2) CP2 (/2) CP3 (/2)

Auto 0.000 0 0 0
Upfront 0.167 1 0 0
Summary-guided 0.833 1 2 2
Oracle 1.000 2 2 2

batch runs rather than many simultaneous human users. Across
the two primary scenarios, all four metric-direction predictions
are confirmed, demonstrating that the domain description provides
meaningful signal beyond the schema and dataset alone.

RQ4: Checkpoint-Guided Domain Knowledge Integration. To eval-
uate whether human checkpoints make external domain knowledge
more actionable, we define six hidden facts that are compatible
with TPC-H but not inferable from schema and templates alone,
assigning two facts to each checkpoint. The six facts are: (CP1) the
Strategic Analyst works exclusively during US East Coast business
hours; the Operations Manager runs 24/7 across time zones. (CP2)
order_date parameters follow a recency-weighted distribution
with 80% of queries targeting the last 90 days; discount values
cluster near promotional thresholds (0.05, 0.10). (CP3) a nightly
batch load at 2am triggers a 30-minute burst of validation queries;
a quarterly earnings freeze halts all write events for 48 hours. We
compare four conditions: Auto (no facts provided), Upfront (all six
facts given once to Agent 1), Summary-guided (facts disclosed only
at the relevant checkpoint, with one regeneration), and Oracle (facts
written directly into intermediate sub-specs). We report Recovery
Score, the fraction of hidden facts reflected in the final specifica-
tion, as the primary metric. Table 6 reports the recovery score with
recovery counts out of 2 (2 facts per checkpoint).

Auto recovers none of the six facts, which confirms that the
chosen facts are genuinely underdetermined by the benchmark
inputs. Upfront improves to a Recovery Score of 0.167, but its single
recovered fact is at CP1 (1/2); it recovers 0/2 at both CP2 and CP3,
suggesting that facts front-loaded into the initial prompt are diluted
before later agents act on them. Summary-guided reaches 0.833,
recovering 1/2 at CP1 and 2/2 at both CP2 and CP3, because each
fact is disclosed at the checkpoint where the responsible agent can
directly incorporate it. The gap between Upfront and Summary-
guided, despite both receiving identical information, shows that
when feedback is delivered matters as much as whether it is deliv-
ered, validating our staged human-in-the-loop design.

Table 7 compares structural metrics between Summary-guided
and Oracle. Summary-guided produces session lengths comparable
to Oracle (16.55 vs. 15.53 queries/session), confirming that the check-
point mechanism preserves coherent session structure. Transition
entropy is higher under Summary-guided (0.976 vs. 0.260 nats), re-
flecting the inherent imprecision of LLM-mediated regeneration rel-
ative to direct sub-spec editing; both conditions nonetheless remain
substantially more structured than the IID baselines (2.84 nats).

6 Discussion and Future Work

WorkLoadWeaver currently evaluates on TPC-H only and mea-
sures structural and controllability properties rather than fidelity

Table 7: RQ4: Structural comparison between Summary-

guided and Oracle.

Metric Summary-guided Oracle

Trans. entropy (nats) 0.976 0.260
Mean session length 16.55 ± 10.56 15.53 ± 12.38

against production traces, which are unavailable by assumption.
We outline two directions for future work.

Downstream utility via workload-sensitive optimization. A natu-
ral next step is to evaluate whether WorkLoadWeaver-derived
workloads lead to meaningfully different decisions in downstream
optimization tasks such as index selection and cost model training.
Because persona-conditioned parameter distributions concentrate
queries on narrow date ranges and specific template subsets, we
expect optimization decisions derived from WorkLoadWeaver
traces to differ structurally from those derived from uniform IID
baselines, with an asymmetric cost penalty when the wrong work-
load is used. More broadly, because WorkLoadWeaver’s intensity
profiles are Fourier-parameterized, perturbation rules can generate
workload pairs at calibrated shift severities, enabling systematic
evaluation of whether self-driving learners (e.g. learned query op-
timizers [13], adaptive index selectors, and cost model retrainers)
detect and adapt to workload shifts or degrade silently .

Data-coupled workload generation. WorkLoadWeaver assumes
that queriers are separate from the data they query. In domains such
as smart spaces and ride hailing [6], the querier is a data point: a
user waiting for a taxi generates queries whose frequency depends
on local wait times and vehicle supply, and may expand searches to
neighboring regions as wait times grow; meanwhile, more users in a
region means more queries from that region. Query generation and
data generation must therefore proceed hand in hand. Extending
WorkLoadWeaver to co-evolve data and queries by applying the
specification model to benchmarks such as SmartBench [6] is a
promising direction that would broaden its applicability beyond
decision-support workloads.

7 Conclusion

We presented WorkLoadWeaver, a benchmark-grounded pipeline
that constructs workload specifications from query template bench-
marks through three sequential LLM agents, each producing a
provenance-tagged Assumption Summary for human review. Ex-
periments on TPC-H show thatWorkLoadWeaver produces traces
with 2.6× lower transition entropy than IID baselines, responds
predictably to persona and event knobs, faithfully reflects natural-
language domain descriptions, and recovers hidden domain facts
significantly more effectively when feedback is staged at the rele-
vant checkpoint than when front-loaded at the first agent.
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