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Figure 1: The workflow of ChronoMantic. (A) Users obtain a data overview to understand overall trends across approximation
levels. (B) Users enter an NL query, and a glyph representation is generated in real time to show how ChronoMantic interprets
the input. (C) After verifying correct parsing, users execute the query to explore results via filtering and sorting and inspect
results in detail; they may refine the query to improve results or investigate observed patterns. (D) Users can refine the NL
query by selecting an observed example to generate a new query without manual input, supporting iterative refinement.

Abstract
Finding time series patterns is an important problem in finance,
healthcare, climatology, and manufacturing, where temporal data
analysis informs critical decision-making processes. Existing ap-
proaches use examples, sketches, and natural language (NL) for
time series pattern querying, but precisely formulating complex
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queries, inspecting query interpretations, and refining queries itera-
tively remain challenging. Nevertheless, NL is a promising modality
for pattern specification, balancing expressiveness and preciseness
while providing an intuitive means of articulating query intent. This
paper introduces ChronoMantic, an NL-driven interactive interface
for time series pattern querying. The tool provides glyph-based
feedback on query interpretation and supports iterative query-
ing through by-example refinement. We illustrate ChronoMantic’s
workflow through two usage scenarios, assess its retrieval perfor-
mance on a manually annotated benchmark, and evaluate its query
effectiveness and usability via a two-stage user study.

CCS Concepts
•Human-centered computing→Natural language interfaces.
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1 Introduction
Time series data is a fundamental type of data across diverse do-
mains, such as scientific research, financial analytics, and engineer-
ing systems [62], capturing temporal dynamics that are critical for
understanding trends, making predictions, and detecting anom-
alies [31]. While the patterns within time series data provide valu-
able insights for various applications [17], it remains challenging
for analysts to efficiently locate specific patterns of interest [16].

Prior work has explored leveraging different input modalities,
including examples, sketches, and natural language (NL), to assist
users in finding specific patterns. Query-by-example [9, 36] and
by-sketch [16, 43] approaches allow users to specify the patterns of
interest through representative examples and hand-drawn sketches,
respectively. Query-by-NL approaches [5, 60] retrieve the desired
patterns by translating the given NL instructions into underlying
pattern specifications. However, we have identified the following
three limitations in the existing approaches:

Limited preciseness of query formulation in the “intent→
query” process. Due to the diverse and complex nature of queries,
existing approaches struggle to allow users to precisely transform
their intents to queries. Query-by-example approaches rely on
existing pattern instances for retrieval, which can be challenging
to find in a large amount of data. Query-by-sketch approaches
tend to be sensitive to minor details of given sketches, such as
unsteady strokes, making it difficult to effectively capture the user’s
intent [16]. While NL can flexibly express temporal features, a
gap often exists between a user’s query intent and their ability to
construct a textual query that accurately describes it, particularly
when targeting a complex pattern.

Limited transparency into query interpretation in the
“query → result” process. Many existing interactive tools for
time series pattern querying provide limited visibility into how
user inputs are translated into executable query specifications. For
example, since query-by-sketch tools like Qetch [43] lack explicit
presentations of query specifications (e.g., trends), users cannot
clearly anticipate how matching algorithms will interpret their
hand-drawn sketches, complicating the verification of query condi-
tions. Similarly, with query-by-NL approaches, when users provide
complex NL instructions containing multiple conditions as in Fig-
ure 3 E1, they tend to struggle to verify whether their inputs are
accurately translated into the intended query conditions.

Lack of support for iterative query refinement during ex-
ploration in the “result → query” process. Users’ queries on
time series data are often iterative, due to the exploratory nature
of pattern discovery and the need to refine search criteria based
on initial results. However, existing approaches do not sufficiently

support such iterative querying. For instance, leveraging query-
by-sketch approaches, users can draw a complex sketch to query
a “head-and-shoulders” pattern like Figure 5 A2, but they have to
manually redraw the entire pattern from scratch to query an in-
verted one like Figure 5 B2. Alternatively, query-by-NL approaches
enable iterative refinement by allowing users to directly edit textual
queries. However, users must manually translate visual patterns
of interest discovered in the results into descriptive language to
investigate these discoveries further.

Nevertheless, NL offers a balance of expressiveness and pre-
ciseness [29], capable of capturing both high-level intents (e.g.,
“head-and-shoulders” ) and nuanced constraints (e.g., “with a one-day
duration”). Recent advances in large language models (LLMs) fur-
ther enhance interpretation of such queries, making NL a promis-
ing modality for specifying time series patterns. To address the
mentioned limitations, we developed ChronoMantic1, an NL-driven
interface for time series pattern querying, enhanced with visual
query-interpretation feedback and interactive query refinement.

For the first and third limitations, ChronoMantic combines direct
NL input with by-example refinement to support query construc-
tion and iteration. Users can either directly enter NL instructions
or select existing time series segments as auxiliary examples to
formulate queries for target patterns. For the second limitation,
ChronoMantic parses NL into query conditions in real time with ex-
planatory visual glyphs. Meanwhile, it highlights the corresponding
text in the NL query to help users verify whether the interpreted
conditions align with their intent. We illustrate ChronoMantic’s
workflow through two usage scenarios and assess its retrieval per-
formance on our manually annotated time series pattern dataset.
Furthermore, to evaluate ChronoMantic in practical use, we con-
ducted a two-stage user study that compared the query effective-
ness of ChronoMantic with Qetch in the first stage and assessed the
usability of ChronoMantic through an exploratory query simula-
tion. ChronoMantic achieved higher query effectiveness than Qetch
across complexity levels; participants also valued the glyph-based
interpretation feedback and by-example refinement.

In summary, our contributions are as follows:
• ChronoMantic, a novel NL-driven interactive interface for time
series pattern querying that provides intuitive interpretations
of NL input via visual glyph feedback and enhances iterative
querying through by-example refinement.

• A two-stage user study evaluating ChronoMantic’s effectiveness
and usability in practical time series pattern querying.

2 Related Work
We review research on time series query specification, matching,
and natural language interfaces for data analysis. Query specifica-
tion concerns formulation methods via diverse modalities, while
matching involves algorithms for time series retrieval.

2.1 Time Series Query Specification
Query specification is the initial step in the query processes, en-
abling users to define patterns through various modalities.

Constraint-based approaches use thresholds [17] or timeboxes
(value and time ranges) [9, 23, 73] for filtering. Syntactic methods
1The source code is available at https://github.com/SunskyLau/ChronoMantic.
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employ custom syntax or regular expressions [1, 60, 65], while re-
cent tools support multivariate relational constraints [39] or graph-
ical constraint lines [55].

Query-by-example systems [9, 65] retrieve patterns similar to
provided inputs. Some interactive interfaces [36, 72] re�ne results
via relevance feedback. However, their utility is constrained when
users cannot locate initial representative examples.

Sketch-based methods [39, 43] o�er intuitive speci�cation via
three main forms: overlaying inputs directly on data [13, 16, 69];
free-form canvases with annotations (e.g., scales) [24, 43]; and sim-
pli�ed linear or grid-based inputs [32,39,47,54] that prioritize main
trends over details. Despite their intuitiveness, sketching complex
temporal features remains challenging.

Natural language (NL) approaches align with how people natu-
rally express their intents. Tools like Qute [29], ShapeSearch [60],
and SemanticSearch [65] support queries via restricted vocabularies,
while Bamford et al. [5] leverage NL for high-level features. Further-
more, SlopeSeeker [6] and Bromley et al. [7] focus on quantifying
semantic labels for visual trends to enhance NL-based search and
analysis. However, existing methods typically su�er from restricted
expressiveness and �exibility.

ChronoManticcombines NL input with by-example re�nement
for complex, iterative querying and uses glyph-based feedback to
externalize semantic conditions de�ned by a structured grammar.

2.2 Time Series Query Matching
Matching algorithms are fundamental for retrieving relevant data.
Metrics like Euclidean distance [14] handle equal-length compar-
isons, while Dynamic Time Warping (DTW) [46] and Fast-DTW [56]
accommodate temporal distortions via nonlinear alignment. Sym-
bolic Aggregate Approximation (SAX) [38, 54] reduces dimension-
ality by transforming series into strings. Feature-based methods,
such as Qute [29], map queries to computational feature vocabu-
laries. Machine learning approaches further expand capabilities,
utilizing LSTM networks for sketch queries [16] or deep encoders
for multimodal inputs [5]. Specialized databases (e.g., In�uxDB [30],
TimescaleDB [63], KDB+ [35], Timestream [2]) optimize manage-
ment via indexing and downsampling. Finally, linear �tting meth-
ods [1, 47, 60] facilitate trend-based querying by identifying funda-
mental trends (increasing, �at, decreasing) and their combinations.

ChronoManticemploys a bottom-up merging approach with
piecewise linear �tting to segment time series at multiple approxi-
mation levels. This enables e�cient feature extraction and pattern
matching across diverse time scales.

2.3 NL Interfaces for Data Analysis
Natural Language Interfaces (NLIs) facilitate data analysis across
visualization [12, 25, 40, 45, 59, 61, 66, 67], transformation [28], and
management [3, 34, 48], enabling non-experts to interact conversa-
tionally. Implementation typically comprises NL understanding and
command execution. (1) For understanding, traditional rule-based
methods [18, 27, 49, 58, 71] rely on syntactic parsing [42], o�er-
ing reliability for structured queries but struggling with ambiguity.
Deep learning approaches [33, 41, 68] improve sophistication but
demand substantial training data. Recently, LLMs [4, 15, 50] have

enabled robust handling of complex queries and domain general-
ization [28, 64]. (2) Command execution transforms intent into ac-
tionable operations via intermediate representations [27, 28, 41, 49].
Targets include DSLs (e.g., SQL), visualization grammars like Vega-
Lite [57], or system-speci�c commands, depending on the domain.

Following this pipeline,ChronoManticuses an LLM to translate
NL queries into structured conditions that guide the retrieval of
relevant time series patterns.

3 Formative Interview
This section reports a formative interview2 with two goals: to un-
derstand analysts' work�ows for querying time series patterns and
the limitations of current interactive tools, and to derive design
requirements for a more e�ective system. To prompt discussion,
we demonstrated tools that support query speci�cation through
di�erent modalities and then conducted semi-structured interviews.
Interview �ndings informed the design ofChronoManticto stream-
line manual work�ows and address limitations in existing tools.

3.1 Setup
3.1.1 Participants.Six time series analysts (P1�P6) were recruited
via verbal invitations and social media. They had 1�3 years of
professional experience across domains including stock analysis,
transportation �ow analysis, and photovoltaic power generation.
All participants consented to audio recording.

3.1.2 Procedure and Materials.After a brief introduction, we pre-
sented three tools: Qetch [43], TimeSearcher2 [9], and an NL-driven
prototype with basic query functionalities. The prototype included
a table view for loaded time series data, an NL query box, and a
result panel showing basic pattern information (e.g., duration, start
time, and end time). We built the prototype because no suitable
open-source NL-based time series query tools were available for
demonstration. Participants were encouraged to ask questions dur-
ing the demos. We then conducted semi-structured interviews to
understand work�ows for time series pattern queries and collect
feedback on limitations. The interview protocol and a prototype
screenshot are provided in the supplementary material.

3.2 Findings
After the interviews, the �rst author analyzed notes and voice
recordings to organize feedback. The co-authors then discussed
and synthesized the feedback in weekly meetings until reaching
consensus on the key �ndings below.

3.2.1 The Workflow of Time Series Pa�ern �erying.A typical
work�ow starts with a preliminary data overview to observe
overall trends. Analysts then either focus on time periods of in-
terest to form query intents or conductinitial queries based on
objectives. For straightforward tasks, three participants (P1, P5, P6)
mainly rely on visual inspection; two (P2, P3) use tools to specify
constraints for automated queries; and one (P4) sometimes uses ad-
vanced scripting. Theyexplore the results to �nd intent-aligned
matches and enter aniterative query process to re�ne intents,
guided by result quality and surrounding segments (i.e., the imme-
diately preceding and following segments).
2The interview has been approved by State Key Lab of CAD&CG, Zhejiang University.
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3.2.2 Limitations of Existing Approaches.We identi�ed three limi-
tations from user feedback:

Di�culties in precisely authoring queries. Participants val-
ued these methods but struggled to express intent precisely. For
sketching, inaccuracies could a�ect results, as P1 and P3 stated:
�Casual sketching might introduce elements that are di�cult for the
system to interpret.� For NL, the challenge is structuring language to
specify patterns; P4 explained, �I �nd it challenging to write multiple
conditions in NL.� By-example querying was intuitive but restrictive
due to reliance on single examples; P3 and P5 noted: �This method is
overly dependent on existing examples; if the example doesn't contain
the pattern I need, specifying queries becomes impossible.�

Uncertainty about how the query is processed. Participants
worried about how tools interpreted queries, especially for unex-
pected or empty results, echoing known challenges in interactive
data systems [19, 21]. P6 noted, �Even though the results generally
meet expectations, I still worry about the comprehensiveness of the
results since I don't know how the system interprets my NL query.� P1
said, �When the results don't meet my expectations, I'm unsure which
speci�c part of the query the system failed to understand correctly.�

Inability to iteratively re�ne queries. Sketching often re-
quires redrawing to re�ne queries; as P5 said, �This can be particu-
larly cumbersome, as even minor adjustments require starting from
scratch.� NL re�nement increases cognitive burden when adding
conditions; for example, P2 stated, �I have to organize my expres-
sions to add new query conditions based on my original NL.� P3 and
P6 further noted that by-example methods do not allow users to
specify which example features should guide re�nements.

3.3 Design Requirements
Based on our �ndings, we derived four design requirements(R1�
R4) to support the observed work�ow and mitigate limitations of
existing approaches.

R1: Provide a scalable overview of time series data. Since
querying often starts with a �preliminary data overview� to observe
trends, the tool should support exploration across time ranges and
at multiple levels of granularity within a range.

R2: O�er intuitive and veri�able query interpretations. To
reduce �uncertainty about how the query is processed�, the tool
should make interpretation transparent by showing how inputs
are parsed and how their parts map to query conditions. It should
provide controls to re�ne parsing and correct misinterpretations.

R3: Support e�cient exploration of query results. To sup-
port �exploring the results� for intent-aligned matches, the tool
should enable rapid retrieval and support navigating and �ltering
across large result sets, helping users identify relevant patterns.

R4: Facilitate iterative query re�nement. Given limited sup-
port for iterative querying, the tool should enable progressive query
modi�cation as intents evolve or results motivate changes, reducing
the burden of restarting and supporting complex intents.

4 ChronoMantic
In this section, we �rst provide an overview ofChronoMantic's
user interface and backend components (Section 4.1). We then
demonstrate its core functionalities and underlying design via a
usage scenariocovering the complete work�ow (Figure 1): data

overview (Section 4.2), query initialization (Section 4.3), result ex-
ploration (Section 4.4), and query re�nement (Section 4.5).

4.1 System Overview
ChronoMantic's user interface (Figure 3) comprises four compo-
nents: a pro�le panel (C) for multi-scale trend inspection, a query
panel (A) for direct NL input and visual interpretation feedback,
a result panel (B) for exploring matches, and a detail panel (D)
for inspecting results in detail and supporting by-example query
re�nement. Four backend components drive the system: adata
preprocessorfor multi-level approximation and feature extraction,
a query parsertranslating NL into structured conditions, aquery
executorretrieving matching subsequences, and aquery generator
synthesizing NL from examples.

In terms of implementation,ChronoManticis built as a web
application using React [53] and Flask [51]. ChronoManticuses
a replaceable LLM API backend; the prototype used in the study
was powered by the Qwen3-8B model [70] (temperature 0, maxi-
mum context length 1240 tokens). The implementation details are
provided in the supplementary material.

4.2 Data Overview
James, a utility analyst, imported residential power data to investi-
gate consumption patterns. He examined it at various approxima-
tion levels in the pro�le panel (Figure 2 A). After observing stable
periods (Figure 2 A1), he wanted to �nd more such patterns.

To provide scalable data overviews (R1), ChronoMantic's pro�le
panel visualizes time series via line charts at adjustable approxi-
mation levels, facilitating e�cient initial exploration. For granu-
lar analysis, the detail panel enables precise inspection of speci�c
ranges through a resizable sliding window.

We employ a bottom-up merging approach with piecewise linear
�tting for preprocessing (see supplementary material). Starting with
= � 1 initial segments( = fB1• ” ” ” •B=� 1g for a time series of size
=, we iteratively merge adjacent pairs that minimize the increase
in total squared error. This metric prioritizes geometric �delity
for semantic retrieval. The preprocessor stores approximations
whenever the segment count is halved and extracts features at each
level to support subsequent retrieval (Section 4.4).

4.3 Query Initialization

With a preliminary query intent, James inputs a query: �Find pat-
terns that exhibit a stable trend in global active power� (Figure 2 B1).
ChronoManticparses this in real time, generating text highlights
and an explanatory visual glyph (Figure 2 B2).

To facilitate veri�cation of query interpretation (R2), the system
provides immediate visual feedback via a glyph and text highlights,
grounded in a custom query speci�cation grammar (see supple-
mentary material). The glyph visualizes parsed conditions: basic
trends (uptrend/�at/downtrend, Figure 4 A), temporal boundaries
(Figure 4 B), value scopes (Figure 4 C), and attributes like slope and
relative slope (percentage of the steepest slope, Figure 4 D). Com-
plex relations between trends (duration, slope, value) are denoted
by comparison symbols (Ÿ, ¡ , =, � ) rather than direct geometric
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