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Abstract

The proliferation of IoT and real-time monitoring has established
Time-Series Databases (TSDBs) like InfluxDB as critical infras-
tructure. However, their functional query languages (e.g., Flux)
present a steep learning curve, hindering data accessibility for
non-experts. While Natural Language Interfaces (NLIs) offer a
potential solution, the domain of Text-to-Flux is stalled by a
critical bottleneck: the complete absence of diverse, high-quality
paired benchmarks. To address this, we introduce the Text-to-Flux
task and propose FluxEngine, a novel automated pipeline for
dataset construction. Unlike static generation methods used in
Text-to-SQL, our framework features a Self-Sustaining Live Data
Context that utilizes background tasks to perpetually generate fresh
data, ensuring that queries involving relative time windows (e.g.,
“past hour”) remain executable and valid indefinitely. Using this
framework, we construct and release TEFD (TExt-to-Flux Dataset),
the first large-scale benchmark for this task. We further define
execution-based evaluation metrics tailored for time-series valid-
ity. This work provides the essential infrastructure to foster future
research in NLI for TSDBs. To facilitate reproducibility and future
research, our dataset and benchmark code are publicly available at
https://github.com/gta886/TEFD-Benchmark.
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Computing methodologies — Natural language processing.
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1 Introduction

The explosive growth of IoT systems and real-time monitoring has
cemented Time-Series Databases (TSDBs) like InfluxDB [10] as crit-
ical infrastructure. As highlighted in recent surveys on AIOps in the
LLM era [29], the ability to autonomously analyze telemetry data is
essential for next-generation incident response and system observ-
ability. To handle high-velocity data, these systems employ special-
ized query languages such as Flux. Unlike the ubiquitous declara-
tive syntax of SQL, Flux is a functional data scripting language that
processes streams through a pipeline of transformations using the
pipe-forward operator (i.e., |>). While this paradigm offers granular
control over data streams, it creates a significant cognitive barrier
for users unfamiliar with functional dataflow paradigms [7, 17]. Do-
main experts accustomed to SQL often struggle to adapt to Flux’s
functional logic, creating a bottleneck in data accessibility for com-
plex root-cause analysis.

Natural Language Interfaces (NLIs) driven by Large Language
Models (LLMs) offer a promising solution to bridge this gap. How-
ever, the efficacy of LLMs is fundamentally constrained by data
availability. The landscape of Text-to-Query benchmarking has
recently undergone a paradigm shift, moving from academic rela-
tional snapshots (e.g., Spider 1.0 [27]) to complex, enterprise-level
workflows like Spider 2.0 [12] and execution-heavy BI scenarios
like BIRD [14]. Simultaneously, specialized NLIs have emerged for
monitoring DSLs such as PromQL [28], LogQL [20], and Kusto
(KQL) [23], while the Text-to-NoSQL domain has matured with
benchmarks like TEND [16] and MultiTend [19].

We introduce the Text-to-Flux problem, which involves trans-
lating natural language into Flux queries. While general text-to-
query research has matured significantly, the Flux domain remains
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largely unexplored. This gap is particularly critical because, as em-
pirical studies suggest, general-purpose LLMs often struggle to
understand the nuanced temporal logic and anomalies inherent in
time-series data [3, 6, 30]. Without high-quality paired data, even
state-of-the-art models frequently hallucinate syntax or fail to syn-
thesize the deep, state-dependent functional chains required for
Flux pipelines. Constructing a benchmark for Flux presents unique
challenges that render static SQL methodologies inadequate: i) Tem-
poral Obsolescence: Time-series queries are inherently dynamic (e.g.,
range(start: -1h)). In a static dataset snapshot, such queries become
“stale” and invalid as time progresses, returning empty results that
make execution-based evaluation impossible. ii) Functional Pipeline
Complexity: Unlike the nested relational algebra of SQL, Flux re-
quires constructing deep functional chains (e.g., filter — window
— mean — map). Validating these requires checking the data flow
state, not just final output equivalence.

These challenges highlight a structural mismatch between static
evaluation paradigms and the inherently dynamic nature of time-
series systems. Most existing Text-to-Query benchmarks are evalu-
ated on fixed database snapshots and implicitly assume that query
semantics are time-invariant. In streaming environments, however,
queries are intrinsically time-relative and state-dependent, caus-
ing this assumption to break. As a result, execution-based evalua-
tion becomes unstable: semantically correct programs may return
empty or misleading results due solely to temporal drift rather than
modeling errors. This observation indicates that a practical Text-to-
Flux benchmark must satisfy two core requirements. Relative-time
queries must remain executable and semantically meaningful as
time advances, and evaluation outcomes must be deterministic and
reproducible across runs and models. Static corpora and snapshot-
based benchmarks fail to meet these requirements simultaneously.

To address this gap, we propose an evaluation paradigm that cou-
ples a continuously refreshed data context with deterministic tem-
poral normalization. This design preserves the semantics of time-
relative queries while enabling reliable, reproducible execution-
based evaluation over long time horizons.

In short, our key contributions are as follows:

e The FluxEngine Framework: We propose a novel, repro-
ducible orchestration engine for dataset construction. A key
innovation is our Self-Sustaining Data Context, which
utilizes background tasks to continuously inject fresh data.
This ensures that relative time queries remain executable
and semantically valid indefinitely.

e The TEFD Dataset: We release TEFD (TExt-to-Flux Dataset),
the first large-scale, verified benchmark for this domain. It
covers diverse patterns, from basic filtering to complex win-
dowing, joins, and map transformations.

o Task Definition & Metrics: We formally define the Text-to-
Flux task and propose Time-Series Execution Accuracy
(TS-EX) as the gold standard for evaluation, moving beyond
simple string matching to verify semantic validity against a
live database.

The remainder of this paper is organized as follows. Section 2
introduces the Text-to-Flux framework. Section 3 details the pro-
posed TEFD dataset. Performance evaluation is presented in Section
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4, results and analysis are discussed in Section 5, related work is
reviewed in Section 6, and Section 7 concludes the paper.

2 The FluxEngine Framework

We present FluxEngine, an end-to-end framework designed to
synthesize high-quality and semantically-grounded (NL, Flux) pairs.
The framework is not merely a set of static templates; it is a sophis-
ticated, data-driven generation pipeline that directly interacts with
a live InfluxDB instance to ensure the realism and validity of every
generated sample.

As illustrated in Figure 1, the framework’s operational logic is
divided into two main stages, each comprising one or more internal
phases. Stage 1 (Expert Dataset Generation) automatically analyzes
raw database statistics to parameterize a diverse set of query tem-
plates, generating a technically sound base dataset that is verified
for execution correctness through Phase 1 and Phase 2. Stage 2
(Natural Language Augmentation) then builds upon this expert
dataset in Phase 3, using a Large Language Model (Gemini 2.5 Pro)
to paraphrase the natural language questions into multiple stylistic
variations, followed by a crucial consistency verification step to en-
sure semantic integrity. The following sections detail these phases
within the pipeline.

2.1 Phase 1: Live Statistical Profiling

The foundation of our framework is its ability to generate queries
that are relevant to the underlying data distribution. To achieve this,
the pipeline’s first step is to perform a comprehensive statistical
analysis of the live database, a process we call Live Statistical Profil-
ing. For each target measurement (e.g., airSensors, earthquake),
our script (generate_queries.py) executes a series of preliminary
Flux queries to build a dynamic profile. This profile is critical for
data-driven parameterization and includes:

e Temporal Anchor Extraction: It identifies the timestamp
of the most recent data point (anchor_time). This serves as a
moving endpoint for generating both absolute and relative
time range queries, ensuring all generated time windows
contain fresh data.

o Statistical Moment Calculation: For each numerical field
(e.g., temperature, mag), it computes key statistics such
as the mean and maximum. These values are later used
to generate plausible thresholds for filtering queries (e.g.,
filter(fn: (r) => r._value > 25.5)), avoiding arbitrary or out-
of-distribution values.

o Categorical Value Sampling: For each tag key (e.g., sensor_id
,magType), it samples a representative subset of actual values
present in the database. This ensures that filtering condi-
tions on tags (fFilter(fn: (r) => r["sensor_id"] == "A@1")) cor-
respond to real entities.

This data-driven approach, which limits its scan to a configurable
recent period (e.g., STATS_RANGE = "-365d") for efficiency, is a non-
trivial engineering effort that guarantees the semantic realism of
our generated dataset.


generate_queries.py
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Figure 1: The FluxEngine Framework pipeline, illustrating the two-stage process. Stage 1 Expert Dataset Generation: Raw
time-series data is profiled to parameterize query templates. These are used to synthesize and verify a base set of (NL, Flux)
pairs of varying difficulty. Stage 2 Natural Language Augmentation: The natural language questions from the expert set are
paraphrased into diverse stylistic variations (Concise, Dialogue, Analysis) using the Gemini 2.5 Pro model, followed by a strict

consistency verification step to produce the final dataset.

2.2 Phase 2: Hierarchical Compositional
Synthesis

With the dynamic data profile from Phase 1, the framework enters
the core synthesis stage. We employ a hierarchical, compositional
generation engine that systematically combines templates and pa-
rameters to create a vast and diverse set of queries.

2.2.1  Multi-Axis Combinatorial Expansion. The generation process
is an exhaustive combinatorial expansion across multiple axes, en-
suring comprehensive coverage of query patterns. The logic iterates
through a deeply nested loop structure:

(1) For each target dataset (e.g., airSensor, noaa).

(2) For each predefined time window (e.g., ‘15m’, ‘1h’, ‘7d").

(3) For both time modes (relative ‘start: -1h‘ and absolute ‘start:
..., stop: ..).

(4) For each field within the measurement.

(5) For each tag and its sampled values.

This systematic approach ensures that we generate a balanced and
wide-ranging set of queries, rather than a randomly biased sample.
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2.2.2  Template-based Query Construction. At each step of the it-
eration, the engine selects and populates a suitable template. Our
framework defines a rich library of Flux and corresponding NL
templates, covering a wide spectrum of operations:

e Atomic Templates (T-series): These represent fundamen-
tal operations, such as basic filtering (15_Tag_Filter), numeri-
cal filtering (T6_Numeric_Filter) using the statistically derived
thresholds, windowed aggregations (T4_Windowed_Aggregation),
and advanced transformations like mathematical operations
(T9_Map_Math) and string matching (T1e_String_Contains).
Composite Templates (C-series): These model more com-
plex, real-world analytical tasks by composing multiple atomic
operations. Examples include finding the time of a maximum
value (c3_Time_of_Max), which involves a self-join, and joining
two distinct data streams based on shared timestamps and
tags (C2_Join_Two_Fields).

The final output of this phase is a large collection of (NL, Flux)
pairs, where each pair is stored with rich metadata, including the
template name and the specific components used for its generation.
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2.3 Phase 3: Generation with Semantic
Safeguards

Instead of a post-facto validation step that simply discards failed
queries, our framework integrates semantic safeguards directly
into the generation logic. This proactive approach, refined through
extensive trial and error, maximizes the yield of valid queries and
represents a significant portion of the development workload. Key
safeguards implemented in our generator include:

o Type-Safe Mathematical Operations: In templates involv-
ing arithmetic (T9_Map_Math), we explicitly cast values to float
O before applying operations (e.g., float(v: r._value) * 1.8
+ 32.0). This prevents runtime errors that commonly occur
in Flux when operating on mixed integer and float types.

¢ Existence Checks for Robust Filtering: For templates
involving string operations on tag values (T1e_String_contains
), we prepend an exists r["tag_key"1 check. This prevents the
query from failing on records where the specified tag might
not be present, a common scenario in schema-flexible time-
series data.

e Reproducible Randomness: We utilize a fixed random
seed (random. seed(42)) for all sampling processes. This ensures
that the entire dataset generation process is fully determin-
istic and reproducible, a cornerstone of reliable scientific
research.

e Realistic Numeric Precision: All statistically derived thresh-
olds are rounded to two decimal places, mimicking real-
world analytical practices and improving the readability of
generated queries.

Through this meticulous, multi-phase process—from live data

profiling to systematic synthesis and built-in safeguards—the Text2Flux

framework produces the TEFD dataset, a benchmark characterized
by its scale, diversity, and, most importantly, its semantic fidelity
to real-world time-series analysis tasks.

3 The TEFD Dataset

3.1 Data Sources and Domain Coverage

To ensure the semantic richness and cross-domain robustness of
TEFD, we orchestrated high-fidelity telemetry data from six distinct
real-world domains sourced from the InfluxDB sample repository.
These datasets cover a wide spectrum of monitoring scenarios: (i)
Smart Building IoT (air quality, HVAC); (ii) Marine Monitor-
ing (buoy data, wave height); (iii) Geological Observation (USGS
seismic metrics); (iv) Industrial IoT (automated production line);
(v) Wildlife Tracking (geospatial migration); and (vi) Hydrology
(water level observations). By incorporating diverse physical met-
rics and heterogeneous tag structures, TEFD evaluates a model’s
ability to perform precise attribute mapping and logic synthe-
sis across varying domain contexts, moving beyond the repetitive
patterns found in single-domain benchmarks.

3.2 Dataset Statistics and Composition

The construction of the TEFD benchmark resulted in a final dataset
comprising 8,447 high-quality (NL, Flux) pairs. As illustrated in the
comprehensive dashboard (Figure 2), these pairs are synthesized
from 1,819 unique base queries, which serve as the logical backbone
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for the subsequent natural language augmentation process. A piv-
otal characteristic of TEFD is its structural diversity: our framework
utilizes 18 distinct functional templates that cover the full spec-
trum of time-series analysis tasks, from basic tag-based filtering to
advanced composite workflows like temporal period-over-period
comparisons and weighted averages (Figure 2a).

The functional richness of TEFD is further quantified by the
distribution of Flux operators shown in Figure 3 (Left). While core
operators like range and filter are present in 100% of queries to
establish the temporal and logical boundaries of the data stream,
the dataset maintains significant coverage of advanced functional
operators. Specifically, aggregateWindow and map are featured in
over 45% of queries, while data-shaping operations like pivot and
stream-combination operators like join or union appear in approx-
imately 23% and 25% of the samples, respectively. This ensures that
TEFD is not merely a retrieval-based benchmark but a rigorous test
of a model’s ability to orchestrate complex, state-dependent data
transformation pipelines. To formalize this complexity, we catego-
rize templates into three hierarchical levels of analytical depth, as
presented in Figure 4.

3.3 Data Split and Template Distribution

To ensure the integrity of the evaluation and assess the model’s true
generalization capabilities, we implemented a meticulous stratified
splitting strategy. Unlike random sampling, which can lead to
distribution shifts, we partitioned the 1,819 base queries at the
template level before applying natural language augmentation. This
ensures that every functional pattern is proportionally represented
in the Training (6,725), Validation (788), and Test (934) sets (Figure 3
Right).

The reliability of this strategy is visually confirmed by Figure 2(a),
where the near-identical color ratios for each of the 18 templates
across splits demonstrate a balanced and unbiased dataset. Further-
more, as detailed in Table 1, we maintained a consistent difficulty
distribution across all subsets. Notably, 64.3% of the benchmark is
categorized as "Hard’. This intentional skew toward high-difficulty
samples—characterized by deep transformation chains and nuanced
temporal logic—is designed to expose the reasoning limits of cur-
rent Large Language Models in the context of advanced system
observability and IoT telemetry.

Table 1: Difficulty Statistics across TEFD Dataset Splits.

Split Simple (%) Medium (%) Hard (%) Total

Train 380 (5.7%)  2,015(30.0%) 4,330 (64.4%) 6,725
Val 45 (5.7%) 235 (29.8%) 508 (64.5%) 788
Test 55 (5.9%) 285 (30.5%) 594 (63.6%) 934
Overall 480 (5.7%) 2,535 (30.0%) 5,432 (64.3%) 8,447

3.4 Natural Language Augmentation and
Verification

The practical utility of TEFD relies on its linguistic diversity. We
utilized a two-stage augmentation pipeline where a Large Language
Model paraphrased canonical questions into three distinct styles:
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(b) Difficulty Distribution across Splits
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T7_Moving_Average 56 Sphti_: . Train {57% 30.0% 64.3%
T9_Multi_Select 4 58 Vl:;m
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Figure 2: Comprehensive statistical overview of the TEFD benchmark. (a) Distribution of the 1,819 base query items across 18
re-indexed templates. (b) Difficulty distribution across dataset splits, confirming the consistency of our stratified sampling
(Hard: ~64.3%). (c) Evolution of complexity metrics: we observe a strong positive correlation between difficulty levels and
structural/linguistic complexity (Avg. D, Sspan, and Tokens).

(Total: 8,447 Pairs)
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0 20 40 60 80
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Figure 3: Statistical overview of the TEFD benchmark. (Left)
Operator distribution across 1,819 base queries. (Right)
Global split ratio for the 8,447 paired samples.

Concise (expert imperative), Conversational (novice inquiry), and
Analytical (formal reportage). To prevent "parameter drift"—where
the LLM might erroneously alter timestamps or thresholds—we en-
forced a strict Semantic Consistency Verifier (Algorithm 1). This
guardrail ensures that all 8,447 samples maintain perfect numerical
and entity alignment with their underlying Flux logic.

3.5 Complexity Analysis

As quantitatively validated in Figure 2(c), TEFD exhibits a strong
positive correlation between reasoning difficulty and objective
complexity metrics. Unlike declarative SQL benchmarks, Flux ne-
cessitates constructing explicit procedural pipelines: the average
Pipeline Depth (D,) rises from 4.00 for *Simple’ queries to 8.32
for 'Hard’ samples, with a maximum depth of 13. Chaining over
eight functional operators requires models to maintain strict state
consistency across long, order-sensitive transformation sequences.
Simultaneously, linguistic complexity scales significantly, with av-
erage token counts nearly tripling from 23.8 to 60.4, reflecting
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the sophisticated descriptive requirements of advanced time-series
tasks. Furthermore, the Schema Span (Ssp4,) increases from 1.7 to
2.6, demanding precise attribute mapping and coordination across
multiple data streams. This multi-dimensional metric escalation
establishes TEFD as a rigorous benchmark for evaluating deep pro-
cedural logic synthesis.

4 Experimental Evaluation

This section describes our evaluation protocol for Text-to-Flux,
including benchmark sampling, compared models, prompting setup,
execution environment, and metrics. Our goal is to ensure rigor,
reproducibility, and fairness across all evaluated systems.

4.1 Benchmark and Sampling

We evaluate on the TEFD test set (N=934). To obtain a cost-effective
yet statistically representative evaluation, we perform stratified
sampling to construct a 200-item subset that preserves the orig-
inal difficulty distribution: 13 Simple (6.5%), 63 Medium (31.5%),
and 124 Hard (62.0%). The sampled subset covers all 18 functional
templates in TEFD, ensuring comprehensive testing of the targeted
competencies.

4.2 Compared Models

We select five state-of-the-art LLMs spanning both closed-source
and open-weight ecosystems.

e Gemini 2.5 Pro: Google’s flagship model, included for strong
procedural reasoning and code generation [24].

e DeepSeek-V3: A high-performance open-source Mixture-
of-Experts model, representing the frontier of open-weight
systems, especially in coding-oriented tasks [4].

e GPT-40: OpenAT’s flagship model, widely considered an
industry benchmark for complex reasoning [9].
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—[TlO_Pivot )— from, range, filter, pivot
Basic Retrieval —(TﬁfMalpiMath )— map, float
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)
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of TEFD
T lat —(TS_Fill ]— aggregateWindow, fill
emplates
Categorized Intermedlate' Processing —(T4 Field_Compare ]— pivot, filter (field comparison)
by (Medium) - -
Functional —(TS_Multi_Filter )— logical and/or, pivot
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and Domain —[(fZ_Integral J— integral, aggregateWindow
Logic.
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Advanced Analytics —((,‘3 Period_Compare )— timeShift, join (temporal)
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—(CS_State_Duration )— events.duration (contrib library)

—(CSfWeightediAvg }— join, reduce, product logic

—(Tl_(londitionnl_an, T2_Cumulative J— conditional map, cumulativeSum

Figure 4: Taxonomy of TEFD Templates Categorized by Functional Complexity and Domain Logic.

Table 2: Benchmark results of five LLMs on the TEFD dataset (n = 200). EX: Execution Accuracy. NEA: Non-Empty Accuracy.
SynER: Syntax Error Rate. SemER: Semantic Error Rate. TSA-Join: Task-Specific Accuracy for Join operators. Top performance
for each metric is in bold.

Model OverallEX NEA SynER SemER EX-Simple EX-Medium EX-Hard TSA-Join
Gemini 2.5 Pro 43.50% 39.33% 25.00% 31.50% 100.0% 82.54% 17.74% 5.26%
DeepSeek-V3 42.50% 35.33% 20.50% 37.00% 100.0% 74.60% 20.16% 10.53%
GPT-40 37.00% 30.67%  27.00%  35.50% 100.0% 60.32% 18.55% 5.26%
Qwen-Max 34.50% 26.00% 30.50%  34.50% 84.62% 58.73% 16.94% 10.53%
GPT-40-mini 19.00% 13.33%  62.00%  19.00% 30.77% 41.27% 6.45% 0.00%
Table 3: Task-Specific Accuracy (TSA) across five functional e Qwen-Max: A leading large-scale model from Alibaba, in-
dimensions. All values represent Execution Accuracy (EX) cluded to diversify model ecosystems [2].

on samples containing specific operator categories.

Model Window Temp. Math Trans. Logic
Gemini 2.5 Pro 7.87% 32.65%  23.76%  31.30%  39.29%
DeepSeek-V3 10.11% 36.73%  25.74% 36.64% 41.07% 4.3 Prompting and Decoding Conﬁguration
GPT-40 5.62% 42.86% 26.73% 21.37%  27.68%

Qwen-Max 4.497, 32.65%  22.77%  24.43%  29.46% All models are evaluated under a strict zero-shot setting without
GPT-40-mini 2.25% 24.49%  7.92%  16.03%  17.86% task-specific fine-tuning. The standardized prompt provides (i) the
database schema, (ii) the natural language query, and (iii) an ex-
plicit instruction to output only an executable Flux program (no
e GPT-40-mini: A lightweight GPT-40 variant to assess the explanations). To ensure deterministic and reproducible decoding,
performance—efficiency trade-off under reduced capacity [9]. we set the temperature to 0.0 for all models.
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4.4 Execution Environment and Temporal
Normalization

The evaluation pipeline is fully automated. Each generated Flux

query is executed against a locally hosted InfluxDB v2.3.0+SNAPSHOT

instance. A key challenge in TSDB evaluation is the temporal de-
pendency of relative-time expressions (e.g., range(start: -1h)),
which can yield different outputs as wall-clock time advances.

To ensure fair and reproducible evaluation, we implement a
custom QueryPatcher module. Before execution, it parses each pre-
dicted Flux script and deterministically rewrites all relative time
ranges into absolute timestamps anchored to a fixed evaluation
time. As a result, all model-generated queries are executed against
the same effective data snapshot, enabling apples-to-apples com-
parison. Execution outputs are then programmatically compared
with the gold outputs to compute scores.

4.5 Evaluation Metrics

Surface-form matching is unreliable for the Text-to-Flux task: se-
mantically equivalent Flux pipelines can differ significantly in syn-
tax, while minor procedural variations—such as operator ordering,
window boundary definitions, or type casting—can substantially al-
ter the resulting data stream. Following established execution-based
evaluation paradigms in semantic parsing and NL2SQL [13, 27], we
evaluate model predictions by executing them against a live data-
base instance and comparing the resulting output streams against
ground-truth references.

Holistic Effectiveness Metrics. We employ two primary metrics
to measure end-to-end success. Execution Accuracy (EX) serves
as our gold standard, measuring functional equivalence under exe-
cution. A prediction gpeq is considered correct if its result stream
R(gprea) exactly matches the gold stream R(ggo14) across times-
tamps, fields, and tag dimensions:

|D|
_ 1 0\ _ )
X =1 ;H(R@pmd) =R(g'0r0) (1)

Furthermore, to mitigate potential bias from "empty matches"—where
an incorrect query might coincidentally return an empty stream
identical to the gold query due to data sparsity—we report Non-
Empty Accuracy (NEA). This metric conditions the evaluation

strictly on instances where the gold execution result is non-empty [18]:

> I[(R(q‘bred) = R(qgold) A R(qgold) # (D)
Y I(R(qgota) # 0)

Diagnostic Error Metrics. To systematically analyze model fail-
ures, we categorize incorrect predictions into two diagnostic classes.
The Syntax Error Rate (SynER) measures the fraction of outputs
that fail to execute due to Flux grammar violations, invalid import
paths, or runtime type mismatches. Conversely, the Semantic Er-
ror Rate (SemER) captures instances where the query executes
successfully but produces an incorrect result stream, reflecting logi-
cal failures such as inappropriate aggregation choices or misordered
functional transformations.

NEA =

@

Task-Specific Accuracy (TSA).. To localize performance bottle-
necks within specific operator families, we introduce TSA, which
computes execution correctness on subsets of queries containing
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specific operator classes C (e.g., windowing, joins, or mathematical
transformations):

z:qEZ) I(Op(qgold, O A Correct(qpred))
TSAc = (3)

Sqen (0P (4o0:C)

We specifically highlight TSA-Join, as the procedural orchestration
of multiple streams represents a core reasoning challenge where
current LLMs frequently fail to maintain temporal and schema
consistency.

5 Results and Analysis
5.1 Overall Results

Table 2 reports the overall performance of all baselines on our 200-
sample benchmark. Gemini 2.5 Pro achieves the best overall EX
(43.50%) and NEA (39.33%), while DeepSeek-V3 is highly compet-
itive (42.50% EX) and attains the lowest SynER (20.50%). GPT-40
reaches 37.00% EX, and Qwen-Max obtains 34.50% EX. GPT-40-mini
substantially underperforms (19.00% EX) and exhibits a high SynER
(62.00%), indicating frequent execution failures under constrained
capacity.

5.2 Results by Difficulty

Alllarge models achieve near-perfect performance on Simple queries
(100% for Gemini 2.5 Pro, DeepSeek-V3, and GPT-40). However, per-
formance drops sharply on Hard queries: top models reach only
17-20% EX, revealing a strong performance cliff as pipelines be-
come deeper and more order-sensitive. This gap suggests that while
models can handle shallow retrieval and basic transformations, they
struggle to reliably compose long Flux pipelines that require precise
intermediate schema states and step ordering.

5.3 Error Breakdown: Syntax vs. Semantics

A key observation is the syntax vs. semantics gap. DeepSeek-V3
achieves the lowest SynER (20.50%), indicating stronger executable
fluency; yet its SemER remains high (37.00%), implying that many
executable programs still implement incorrect transformation logic.
This pattern suggests that execution validity does not guarantee
semantic correctness in Flux, where subtle operator misordering
(e.g., missing aggregateWindow before cumulativeSum) can pro-
duce plausible but incorrect streams.

5.4 Functional Dimensional Analysis (TSA)

Overall EX obscures fine-grained functional strengths and weak-
nesses. Prior work suggests temporal and logical reasoning should
be evaluated as distinct dimensions, especially when semantics de-
pend on time-dependent operators and logical composition [22]. We
therefore decompose evaluation into five TSA dimensions (Window,
Temporal, Math, Trans., Logic), summarized in Table 3.

Key Findings. (i) Windowing bottleneck. TSA-Window is con-
sistently low across all models (no model exceeds 10.11%), indicat-
ing that composing correct windowing/resampling chains remains
highly challenging in Flux. (ii) Divergent strengths. GPT-40 peaks
on TSA-Temp (42.86%), while Gemini 2.5 Pro and DeepSeek-V3 are
stronger on Trans./Logic, suggesting better schema manipulation
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consistency. (iii) Scale effect. GPT-40-mini underperforms across
all dimensions, supporting that longer procedural pipelines amplify
errors for smaller models.

Window

Logic Temporal

Trans

Gemini 2.5 Pro
Qwen-Max

~ = = DeepSeck-V3

GPT-40-mini

Figure 5: Capability fingerprints of five LLMs across func-
tional TSA dimensions. The plot highlights consistently low
performance on Windowing and divergent strengths across
Temporal vs. structural reasoning.

5.5 Discussion

The results reveal three consistent limitations of current LLMs on
Text-to-Flux:

Performance cliff on complex pipelines. Accuracy drops sharply
from near-perfect on Simple queries to only 17-20% on Hard
queries, confirming that deep, order-sensitive Flux pipelines re-
main a major bottleneck.

Syntax vs. semantics gap. DeepSeek-V3 achieves the lowest SynER
(20.50%), yet SemER remains high across leading models (31.50%—
37.00%), indicating that executable outputs often implement the
wrong transformation sequence (e.g., missing aggregateWindow
before cumulativeSum).

Multi-stream orchestration weakness. TSA-Join is extremely low
(best 10.53%), suggesting models struggle with Flux’s procedural
stream alignment (join keys, schema consistency) compared to
SQL’s declarative JOIN.

Open-weight competitiveness. DeepSeek-V3 is on par with Gem-
ini 2.5 Pro overall and slightly stronger on Hard queries, suggesting
TEFD can serve as a sensitive benchmark for tracking progress of
open-weight models on procedural time-series pipelines.

6 Related Work

Our work is closely related to the research areas of text-to-query
benchmarking, NLIs for monitoring and time-series, synthetic data
and self-onstruct logic, and LLMs in time-series analysis.

6.1 Text-to-Query Benchmarking

Text-to-Query evaluation has shifted from academic structural gen-
eralization to industrial robustness. Early benchmarks such as Wik-
iSQL and Spider [27] emphasized cross-domain schema linking,
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while later efforts demonstrated that strong performance on clean,
static snapshots often fails to transfer to production-like settings.
BIRD [13] introduced large-scale dirty databases and efficiency-
aware evaluation, and Spider 2.0 [12] further escalated the setting
toward enterprise workflows in modern data warehouses, reinforc-
ing execution-based evaluation as the practical criterion.

As the community expands beyond relational SQL, TEND [16]
targets NL-to-NoSQL with nested structures. In parallel, our bench-
mark focuses on Time-Series Databases (TSDBs), where queries op-
erate over continuous streams and require procedural composition
over functional operators. Compared to relational snapshots, Text-
to-Flux introduces domain-specific challenges such as multi-scale
resampling and temporally aligned stream composition, motivating
TEFD as a dedicated benchmark for analysis-pipeline generation in
Flux.

6.2 NLIs for Monitoring and Time-Series

LLM-driven NLIs for observability typically cover metrics DSLs (e.g.,
PromQL), logs DSLs (e.g., LogQL), and time-series SQL. PromQL
generation has been studied via structured systems for query con-
struction [28], while NL2QL targets log analytics with dedicated
paired data for Loki queries [20]. However, existing monitoring NLIs
are often limited to relatively shallow expressions [20, 28]: a recent
survey highlights difficulties in composing long, state-dependent
programs and reliably handling complex analytical intents [15].
Flux differs materially from declarative PromQL/SQL: it is a func-
tional, pipelined scripting language where operator ordering and
intermediate table schemas are critical (e.g., aggregateWindow —
derivative — movingAverage). Although industrial tooling has
begun exploring Flux conversion [10], the research community
lacks a verified benchmark that supports execution-based eval-
uation under time-dependent semantics. TEFD fills this gap by
focusing on deep pipeline synthesis and temporal validity in TSDB

querying.

6.3 Synthetic Data and Self-Instruct Logic

Recent work shows that high-quality synthetic code data and au-
tomatic verification can substantially improve specialized LLMs.
Magicoder [25] distills instruction data from open-source code,
while OpenCodelnstruct [1] and Case2Code [21] emphasize execu-
tion feedback for semantic fidelity. FluxSynth follows this line by
using a live database as an execution oracle, aligning generation
with verifiable time-series semantics and reducing parameter drift
during augmentation [5].

6.4 LLMs in Time-Series Analysis

LLMs are increasingly used for time-series reasoning and diagnosis
beyond query translation [11], including agentic systems for de-
tection and causal analysis such as Argos [8] and Time-RA [26].
TEFD complements these directions by providing a benchmarked
NL-to-DSL execution layer for TSDB analytics, enabling rigorous
evaluation of the query/program synthesis component in end-to-
end observability agents.

Unlike relational benchmarks that rely on static snapshots, TEFD
is designed to handle the functional orchestration and temporal
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decay characteristic of TSDB querying. We move beyond the shal-
low retrieval patterns seen in prior monitoring NLIs to focus on
the procedural synthesis of deep operator chains. A key method-
ological distinction is the introduction of a Self-Sustaining Live
Context and the QueryPatcher utility; together, they guarantee the
long-term reproducibility of execution results involving relative
time ranges. This infrastructure allows TEFD to serve as a verified,
execution-based benchmark that specifically targets the reasoning
bottlenecks found in real-world time-series analysis.

7 Conclusion

This work presents TEFD, the first large-scale benchmark for
Text-to-Flux, along with FluxEngine, an automated construction
pipeline that addresses temporal staleness and functional pipeline
complexity in time-series query generation. By maintaining a self-
sustaining live data context, Text2Flux ensures that relative-time
queries remain executable as time advances, making execution-
based evaluation feasible in settings where static snapshots quickly
lose validity.

Although TEFD establishes a reproducible evaluation substrate
for Text-to-Flux, a number of challenges remain. Extending the
benchmark to cover more complex stateful operators, long-horizon
dependencies, and multi-stream joins is particularly important, as
practical time-series analytics frequently involve heterogeneous
data streams with misaligned temporal semantics. Beyond bench-
marking, future work may also consider interactive and multi-
turn Text-to-Flux scenarios, as well as the use of TEFD as a train-
ing or alignment signal, to support more robust and semantically
grounded natural language interfaces for time-series databases.
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A Detailed Dataset Complexity Profile

Table 4 provides a granular breakdown of the structural and linguis-
tic complexity metrics across TEFD partitions. The data highlights
three critical aspects of our benchmark:

e Procedural Depth Expansion: Unlike declarative SQL, Flux
requires constructing explicit transformation pipelines. The av-
erage Pipeline Depth (D)) scales from 4.00 in Simple queries to
8.32 in Hard samples, with the most complex analytics reaching
a depth of 13 functional operators.

e Linguistic and Schema Pressure: As reasoning difficulty in-
creases, the average Token Count nearly triples (23.8 — 60.4),
and the Schema Span (S;p4n) grows from 1.7 to 2.6. This forces
models to handle both sophisticated verbal descriptions and pre-
cise attribute mapping across heterogeneous data streams.

o Split Consistency: The metrics demonstrate high statistical
stability across the Train, Val, and Test sets (e.g., Hard D, remains
consistent at ~8.32). This verifies that FLUXENGINE successfully
preserves the underlying complexity distribution through its
stratified sampling strategy.

Table 4: Detailed Complexity Metrics of TEFD across Diffi-
culty Levels and Splits.

Split Diff. Count AvgD, MaxD, Tokens Sspan
Simple 380 4.00 4 23.8 1.7
Train Med. 2015 5.30 6 30.9 2.4
Hard 4330 8.32 13 60.4 2.6
Simple 45 4.00 4 22.6 1.7
Val Med. 235 5.32 6 31.0 2.4
Hard 508 8.31 13 60.2 2.6
Simple 55 4.00 4 22.9 1.6
Test Med. 285 5.25 6 30.1 2.4
Hard 594 8.32 13 60.4 2.6
Overall - 8447 6.91 13 48.1 24

B Extended Task Illustration

To provide a concrete understanding of the Text-to-Flux task, Fig-
ure 6 illustrates a representative sample from the TEFD dataset. Un-
like the relational patterns in Text-to-SQL, this task requires orches-
trating a functional pipeline where the order of operations—such as
range selection before aggregateWindow—is semantically critical.

Furthermore, the illustration highlights the necessity of the Self-
Sustaining Live Context. In traditional static benchmarks, a query
targeting the "past 1 hour" would return null results shortly after
the dataset’s creation. Our framework solves this temporal obsoles-
cence by perpetually injecting fresh telemetry, ensuring that the
execution-based evaluation remains deterministic and semantically
grounded over indefinite time horizons.

C Detailed Template Taxonomy

The structural diversity of TEFD is underpinned by 18 re-indexed
functional templates. As summarized in Table 5, these templates
categorize analytical intents into three hierarchical tiers:
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NL Query: “Find the average humidity for the past 1 hour
in building A, and fill missing data with previous values.”

\

Flux Pipeline

Database Schema

airSensors (Meas.)
- building (Tag)
- humidity (Field)

from(bucket: "IoT")

|> range(start: -1h)

|> filter(fn: (r) => ...)
|> aggregateWindow(. . .)
|> fill(usePrev: true)

s

Self-Sustaining Context
Result: Valid Stream

Figure 6: Illustration of the Text-to-Flux task. The pipeline
requires orchestrating multiple functional operators while
remaining anchored to a live data context.

o Basic Tier: Exercises fundamental stream selection and arith-
metic casting, representing ~5.7% of the benchmark.

o Intermediate Tier: Focuses on single-stream analytical func-
tions like derivative and movingAverage, making up ~30.0%
of samples.

e Advanced Tier: Targets the reasoning limits of LLMs by requir-
ing the coordination of multi-stream joins, multi-range unions,
and complex state-dependent operations like cumulativeSum,
representing the majority (64.3%) of the dataset.

D Natural Language Augmentation and
Verification

To transform technical templates into natural human intents, we
utilized a two-stage LLM-based augmentation pipeline. However,
LLMs are prone to parameter drift—accidentally altering timestamps
or sensor IDs during paraphrasing.

To mitigate this, we implemented the Consistency Verifier
(Algorithm 1). This module treats the query metadata as immutable
facts and programmatically scans the LLM output to ensure all
numerical thresholds and schema entities are preserved verbatim.
Only variations that maintain 100% literal consistency with the un-
derlying Flux logic are committed to the final 8,447 paired samples.

Algorithm 1 Semantic Consistency Verification

Require: C (Metadata), Soyiy (Original NL), Sy, (Generated NL)
Ensure: is valid
1: Norig < ExtractNumericLiterals(So”-g)
: Nyen < ExtractNumericLiterals(Sgen)
. if Norig 52 Ngen then
return False
end if
. for all entity € {measurement, field, tag} do
v « GetValue(C, entity)
if 0 € Sorig A0 & Sgen then
return False
end if
: end for
: return True

R B A U
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E Predominant Error Archetypes

To better understand the limitations of current LLMs in the Text-to-
Flux task, we conducted a manual audit of execution failures. We
categorize the predominant errors into three archetypes: Library
Fragility, Dynamic Over-engineering, and Operator Hallucination.

E.1 Error Taxonomy

Table 6 summarizes the typical pitfalls encountered by the models.
While models exhibit strong natural language understanding, they
struggle with the strict syntactic and environmental requirements
of the Flux functional engine.

Table 6: Taxonomy of common execution errors in TEFD.

Error Category Description

Library Fragility = Incorrect or obsolete import paths
for community/contrib packages (e.g.,
contrib/anaisdg).

Over-engineering Attempting complex dynamic scripting
(variables, math) where static hardcoding is
required for execution.

Operator

L. Inventing intuitive but non-existent func-
Hallucination &

tions (e.g., weightedAverage) instead of
verbose functional chains.

E.2 Representative Case Studies

E.2.1  Library Path Hallucination (Case #228). As shown in Table
7, the model correctly identifies the need for an external library
to handle events.duration. However, it hallucinates a plausible
but invalid path (contrib/anaisdg/events). This highlights the
syntactic fragility of Flux; unlike SQL, Flux is highly sensitive to the
evolution of its package ecosystem, and models often suffer from
outdated or fragmented memory of these paths.

E.2.2  Dynamic Logic vs. Static Reality (Case #754). Case #754 (Table
8) reveals a gap in procedural reasoning. The model attempts to
be “smart” by calculating the duration between two timestamps
and dynamically shifting the range. While this reflects superior
logical reasoning, it fails in execution because the model utilizes
the experimental library with an incorrect path. The Gold Query
avoids this by pre-computing static timestamps, suggesting that
for Flux NLIs, conservative generation is often more robust than
dynamic scripting.

E.2.3 The Complexity Gap: Weighted Average (Case #692). Case
#692 is perhaps the most illustrative of the Text-to-Flux challenge.
To calculate a weighted average, the model assumes the existence
of aweightedAverage () operator. This is a reasonable assumption
in most data processing languages but is false in standard Flux.

As illustrated in the Gold Query, Flux requires a verbose 8-line
pipeline involving join, reduce, and multiple map transformations.
This Operator Hallucination demonstrates that models rely on analo-
gies from SQL or Python, failing to recognize that Flux often re-
quires decomposing high-level concepts into low-level stream trans-
formations.
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Table 7: Comparison of correct and hallucinated library

Xuefeng Wu et al.

Table 5: Taxonomy of TEFD Templates Categorized by Functional Complexity and Domain Logic.

Category Templates Core Flux Operators Difficulty
. T10_Pivot from, range, filter, pivot Simple

Basic .

Retrieval T6_Map_Math map, float Simple
T9_Multi_Select filter (multiple fields), pivot Simple
T3_Derivative, T7_Moving_Average derivative, movingAverage Medium

Intermediate T5_Fill aggregateWindow, fill Medium

Processing T4_Field_Compare pivot, filter (field comparison) Medium
T8_Multi_Filter logical and/or, pivot Medium
C2_Integral integral, aggregateWindow Medium
C7_Union_Ranges union (multi-range) Hard
C4_Pivot_Ratio aggregateWindow, pivot, map Hard
C1_Grouped_Anomaly, C6_TopK reduce, math.sqrt, findColumn, contains Hard

Advanced . K . ..

Analytics C37Per10d7Com'pare timeShift, Jc.>1n (tempor‘-al)A Hard
C5_State_Duration events.duration (contrib library) Hard
C8_Weighted_Avg join, reduce, product logic Hard
T1_Conditional _Map, T2_Cumulative conditional map, cumulativeSum Hard

paths.
Case ID: 228 Library Path Fragility
NL Query Identify periods where wind speed remained above 7.7 for >
900s.
Gold Query  import "contrib/tomhollingworth/events" ..
Pred Query import "contrib/anaisdg/events" ..
Error invalid import path contrib/anaisdg/events

Table 8: Analysis of reasoning-heavy but execution-failed

queries.
Case ID: 754 Over-engineering Failure
Strategy Pred: Dynamic subDuration; Gold: Static range.
Insight Logic is correct, but execution fails due to library dependencies.

E.3 Summary of Insights

Our qualitative analysis suggests that:

e Syntactic Correctness # Execution Validity: Models of-
ten fail on the “last mile” of execution (imports/types).

¢ Need for Specialized Fine-tuning: General-purpose LLMs
struggle with the functional verbosity of Flux, emphasizing
the value of our TEFD dataset for teaching these specific

procedural chains.
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