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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
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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 ChronoMantic!, 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:

o 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.

o 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

The 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] refine results
via relevance feedback. However, their utility is constrained when
users cannot locate initial representative examples.

Sketch-based methods [39, 43] offer intuitive specification via
three main forms: overlaying inputs directly on data [13, 16, 69];
free-form canvases with annotations (e.g., scales) [24, 43]; and sim-
plified 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 suffer from restricted
expressiveness and flexibility.

ChronoMantic combines NL input with by-example refinement
for complex, iterative querying and uses glyph-based feedback to
externalize semantic conditions defined 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., InfluxDB [30],
TimescaleDB [63], KDB+ [35], Timestream [2]) optimize manage-
ment via indexing and downsampling. Finally, linear fitting meth-
ods [1, 47, 60] facilitate trend-based querying by identifying funda-
mental trends (increasing, flat, decreasing) and their combinations.

ChronoMantic employs a bottom-up merging approach with
piecewise linear fitting to segment time series at multiple approxi-
mation levels. This enables efficient 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], offer-
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
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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-specific commands, depending on the domain.

Following this pipeline, ChronoMantic uses 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 interview? with two goals: to un-
derstand analysts’ workflows for querying time series patterns and
the limitations of current interactive tools, and to derive design
requirements for a more effective system. To prompt discussion,
we demonstrated tools that support query specification through
different modalities and then conducted semi-structured interviews.
Interview findings informed the design of ChronoMantic to stream-
line manual workflows 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 flow 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 workflows 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 first 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 findings below.

3.2.1 The Workflow of Time Series Pattern Querying. A typical
workflow 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 conduct initial 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. They explore the results to find intent-aligned
matches and enter an iterative query process to refine intents,
guided by result quality and surrounding segments (i.e., the imme-
diately preceding and following segments).

’The 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 identified three limi-
tations from user feedback:

Difficulties in precisely authoring queries. Participants val-
ued these methods but struggled to express intent precisely. For
sketching, inaccuracies could affect results, as P1 and P3 stated:
“Casual sketching might introduce elements that are difficult for the
system to interpret.” For NL, the challenge is structuring language to
specify patterns; P4 explained, “I find 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
specific part of the query the system failed to understand correctly.”

Inability to iteratively refine queries. Sketching often re-
quires redrawing to refine queries; as P5 said, “This can be particu-
larly cumbersome, as even minor adjustments require starting from
scratch.” NL refinement 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 refinements.

3.3 Design Requirements

Based on our findings, we derived four design requirements (R1-
R4) to support the observed workflow 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: Offer intuitive and verifiable 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 refine parsing and correct misinterpretations.

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

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

4 ChronoMantic

In this section, we first provide an overview of ChronoMantic’s
user interface and backend components (Section 4.1). We then
demonstrate its core functionalities and underlying design via a
usage scenario covering the complete workflow (Figure 1): data
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overview (Section 4.2), query initialization (Section 4.3), result ex-
ploration (Section 4.4), and query refinement (Section 4.5).

4.1 System Overview

ChronoMantic’s user interface (Figure 3) comprises four compo-
nents: a profile 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
refinement. Four backend components drive the system: a data
preprocessor for multi-level approximation and feature extraction,
a query parser translating NL into structured conditions, a query
executor retrieving matching subsequences, and a query generator
synthesizing NL from examples.

In terms of implementation, ChronoMantic is built as a web
application using React [53] and Flask [51]. ChronoMantic uses
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 profile panel (Figure 2 A). After observing stable
periods (Figure 2 A1), he wanted to find more such patterns.

To provide scalable data overviews (R1), ChronoMantic’s profile
panel visualizes time series via line charts at adjustable approxi-
mation levels, facilitating efficient initial exploration. For granu-
lar analysis, the detail panel enables precise inspection of specific
ranges through a resizable sliding window.

We employ a bottom-up merging approach with piecewise linear
fitting for preprocessing (see supplementary material). Starting with
n — 1 initial segments S = {s1,...,sp—1} for a time series of size
n, we iteratively merge adjacent pairs that minimize the increase
in total squared error. This metric prioritizes geometric fidelity
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).
ChronoMantic parses this in real time, generating text highlights
and an explanatory visual glyph (Figure 2 B2).

To facilitate verification of query interpretation (R2), the system
provides immediate visual feedback via a glyph and text highlights,
grounded in a custom query specification grammar (see supple-
mentary material). The glyph visualizes parsed conditions: basic
trends (uptrend/flat/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 (<, >, =, &) rather than direct geometric
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Figure 3: ChronoMantic’s interface and a usage scenario illustrating exploratory querying on an atmospheric pressure dataset.
(A) Users enter NL queries; glyphs are generated in real time. (B) Users explore results via filtering and sorting. (C) The profile
panel provides a dataset overview across approximation levels. (D) Users inspect results, select segments as examples, and
optionally add conditions to generate refined NL queries. (E) The generated refined query. (F) Results from the refined query.

encoding (Figure 4 E-G). This symbolic approach avoids visual con-
flicts from geometric coupling; for instance, extending a segment’s
length to represent duration would unintentionally alter its vertical
magnitude if slope is preserved.

Consistent color encoding links highlighted text to glyph el-
ements. Users can click highlights to toggle specific conditions,
exploring their influence on results. For parsing errors, users can

right-click the glyph to open a specification panel (see supplemen-
tary material). As a fallback repair mechanism, the panel allows
manual adjustment of parsed conditions and updates the glyph
in real time. We employ an LLM to parse NL using a few-shot
prompting strategy [52] that incorporates task descriptions, gram-
mar definitions, and illustrative examples.
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Figure 4: Query conditions and glyph design in ChronoMantic. By specifying attributes for trends (A, B, C, D) and relations
between different trends (E, F, G), ChronoMantic can support various temporal pattern queries (e.g., the left trend in E has a
shorter duration than the right trend). The explanatory glyph helps users understand how the NL inputs are parsed.

4.4 Result Exploration

James executes the verified query, populating the result panel
with matches (Figure 2 C). To remove irrelevant short-duration
patterns, he filters them by brushing the duration column header
(Figure 2 C1), isolating results suitable for detailed exploration.

To support efficient exploration (R3), ChronoMantic retrieves
results via the query executor and presents them in a multi-attribute
result panel, while the detail panel reveals surrounding trends.

Upon execution, the executor receives structured conditions
(Section 4.3) and scans all pre-computed segments (Section 4.2).
It verifies contiguous subsequences by directly comparing cached
features (e.g., slope, duration) and relational constraints against
query conditions. This single-pass evaluation operates across all
approximation levels; since the segment count halves at each level,
the total search space sums to O(n) (where n is the data point count),
ensuring linear-time retrieval.

Inspired by LineUp [20], the result panel lists matches as rows
with columns for IDs, color-coded thumbnails matching the glyph,
and extracted features. Headers incorporate area charts for data
distribution and support filtering and sorting. We calculate aver-
age segment R? as a linearity score to aid pattern selection. The
view defaults to basic features (e.g., score, duration) but supports
expansion via a “+” icon to reveal additional pre-calculated metrics.

Selecting a row magnifies the pattern in the detail panel, preserv-
ing the glyph’s color scheme. The view also shows four preceding
and four subsequent segments, enabling users to examine each
match in context and formulate new query intents. Hover interac-
tions enable precise inspection of data values.

4.5 Query Refinement

After inspecting several results in detail, James identifies a pattern
of interest comprising a stable trend followed by a rise and ex-
pands it as an example (Figure 2 D). He clicks the “Refine” button
(Figure 2 D1), prompting the system to update the NL query to
“Find patterns that exhibit a stable trend followed by a rise trend...”
and adjust the glyph (Figure 2 E). Finally, he executes this query
to retrieve refined results (Figure 2 F).

To support iterative querying (R4), the query generator syn-
thesizes new NL queries from user-selected examples. A retrieved
result in the detail panel serves as a customizable template, expand-
able via adjacent segments. Clicking a segment activates a condition
panel to specify features (e.g., slope, duration), with trend category
enabled by default. Users can further brush segment groups to de-
fine duration constraints or use Shift+click to specify relational
conditions. Clicking “Refine” generates the corresponding NL. Al-
ternatively, users can “Author” queries from scratch by selecting
arbitrary segments and specifying conditions similarly, without
relying on prior results.

Similar to the query parser (Section 4.3), we use few-shot prompt-
ing for the query generator. The prompt includes the task descrip-
tion, dataset metadata, the original NL query and its corresponding
parsed conditions, example attributes, grammar definitions, and
illustrative examples. We ask the LLM to simultaneously output
the new NL query and its corresponding structured conditions.

5 Usage Scenarios

We demonstrate ChronoMantic’s versatility through two scenarios.
The first employs typed input, while the second features by-example
refinement to facilitate exploratory querying.

5.1 Purposeful Querying in a Financial Dataset

Sarah, a finance student, uses ChronoMantic to investigate common
stock patterns in real-world datasets. She begins by inputting “Find
head-and-shoulders patterns” (Figure 5 A1). ChronoMantic instantly
generates a glyph featuring three peaks, with the middle one highest
(Figure 5 A2). After confirming that the glyph accurately reflects the
technical definition, Sarah executes the query. She then inspects the
returned thumbnails and details (Figure 5 A3), using the shared color
encoding to compare each match with the interpreted conditions.
Observing the correspondence between the returned results and the
glyph reinforces Sarah’s understanding that retrieval is grounded
in the parsed conditions.

Next, to find “inverted head-and-shoulders” patterns, she simply
adds the word “inverted” to her previous query (Figure 5 B1). The
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Figure 5: A usage scenario demonstrating a purposeful query process with ChronoMantic on a financial stock dataset. (A) Query
for “head-and-shoulders” patterns. (B) Query for “inverted head-and-shoulders” patterns by adding “inverted”. (C) Query for
“cup-with-handle” patterns by replacing “inverted head-and-shoulders” with “cup-with-handle”.

glyph updates immediately to an inverted version (Figure 5 B2). Af-
ter verifying this visual feedback, she executes the query, retrieving
a set of matching inverted patterns (Figure 5 B3).

Finally, she tests for “cup-with-handle” patterns (Figure 5 C1). The
system again presents its interpretation through a glyph (Figure 5
C2), which she verifies before inspecting the returned matches
(Figure 5 C3). This session demonstrates how NL queries and glyph-
based interpretation work together during pattern exploration.

5.2 Exploratory Querying in an Atmospheric
Pressure Dataset

Bob, a meteorologist, investigates atmospheric pressure data us-
ing ChronoMantic. He starts with a basic query, “Find patterns that
exhibit a peak” (Figure 3 A1), and verifies the generated “up then
down” glyph (Figure 3 A2). After execution, he filters out exces-
sive durations via the result panel handle (Figure 3 B) to focus on
relevant scales (Figure 3 D).

During inspection, Bob discovers an intriguing anomaly: a peak
followed by a second peak of equal height (Figure 3 D1). Eager
to find similar rare instances without manual reformulation, he
leverages by-example refinement. He expands the pattern to include
the second peak, uses Shift+click to define an equal-height relation
between the rising trends (Figure 3 D2), and brushes the example
to constrain the duration (Figure 3 D3).

Clicking “Refine” prompts the system to generate a precise query:
“Find periods exhibiting two consecutive peaks of approximately equal
height...” (Figure 3 E1) with a corresponding complex glyph (Fig-
ure 3 E2). Validating that this aligns with his intent, Bob executes
the query. The retrieved patterns reveal a concentration near global
pressure peaks, suggesting a potential signal for pressure trend
reversals (Figure 3 F). This workflow highlights ChronoMantic’s
capacity to support iterative, insight-driven exploration.

6 Technical Evaluation

To assess ChronoMantic’s retrieval performance, we conducted a
comparative evaluation on a manually annotated time series pattern
dataset, using Qetch [43] as a representative open-source baseline.

6.1 Baseline

We surveyed time series query tools using three criteria: (a) pattern-
based subseries retrieval, (b) support for a range of patterns compa-
rable to ours, and (c) an open-source implementation. We consid-
ered NL-based tools (ShapeSearch [60], Qute [29], SlopeSeeker [6])

and sketch-based tools (Qetch [43], Fan et al. [16]) (a detailed com-
parison is provided in the supplementary material). We chose Qetch
as it best satisfies these criteria and its interactive retrieval objective
aligns with ChronoMantic.

6.2 Dataset Construction

As no suitable benchmark exists, we created one by manually an-
notating patterns in a financial portfolio dataset?. Following Shape-
Search’s principle that complex patterns typically involve no more
than six trend lines [60], we defined 14 patterns spanning 3-6 trend
lines (e.g., plateau, basin, head-and-shoulders). The first and third
authors annotated all patterns independently using a custom tool
that shows a line chart and supports brush selection under multi-
ple zoom scales. Because interval discovery was open-ended, we
assessed overlap-based agreement rather than categorical kappa:
one-to-one matches with IoU > 0.75 were considered consistent,
yielding 2M/(N1+Nz) = 0.677, where M is the number of consistent
pairs and N and N are the annotators’ totals. We de-duplicated
matched intervals and jointly reviewed unmatched intervals to
produce the final 240 annotations across 14 patterns; the dataset is
included in the supplementary material.

6.3 Experimental Procedure

We designed the procedure to account for differences in input modal-
ities and parameters. For ChronoMantic, we ran one trial per pattern
because identical NL inputs produced consistent results. For Qetch,
to handle sketch variability, three authors each created one sketch
per pattern, yielding three sketches per pattern. We also evaluated
five distance thresholds (5, 7.5, 10, 25, 40), as Qetch defines good
matches as distance < 5, fair matches as 5-40, and poor matches
as > 40. For each threshold, we tested three sketches for each pat-
tern and retained the one with the highest F1 (Section 6.4). We
then selected the threshold with the highest overall F1 as Qetch’s
final configuration. All NL and sketch inputs are provided in the
supplementary material.

6.4 Evaluation Metrics

Following Holz et al. [24], we used intersection-based matching
to compute micro-precision, micro-recall, and micro-F1. For each
pattern, we computed an IoU matrix between ground-truth annota-
tions and query results, greedily matched the maximum-IoU pair

Shttps://www.kaggle.com/datasets/hershyandrew/amzn-dpz-btc-ntfx-adjusted-
may-2013may2019
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as a true positive, removed the pair, and repeated until no IoU ex-
ceeded 0.75. Unmatched results were false positives and unmatched

. . _ _TpP
annotations were false negatives. We then computed P = 75,75,

_ _T1pP _ 2xXPxR .
R = 755> and F1 = 557, micro-averaged across patterns.

6.5 Result Analysis

Results (the complete table is in the supplementary material) show
that ChronoMantic outperforms Qetch. ChronoMantic achieved F1 =
0.235 (P = 0.148, R = 0.562), while the best Qetch configura-
tion (distance_threshold = 5) achieved F1 = 0.052 (P = 0.030,
R = 0.212). This represents a greater than four-fold improvement in
F1. We attribute this gap to underlying retrieval mechanisms: Qetch
relies on shape/area distances without semantic factors, retrieving
metrically similar but semantically incorrect matches (lower pre-
cision) and missing perceptually relevant variants (lower recall).
ChronoMantic maps semantic descriptions into structured condi-
tions and matches segment sequences, better aligning with the
benchmark’s perceptual criteria and retrieving relevant variations.
Despite the relative improvement, absolute precision remains low
for both systems; sorting, filtering, thumbnails, and detail views
support post-hoc inspection of returned matches and help users
identify the most relevant results.

To better understand the low precision, we manually reviewed
a sample of false positives and observed two recurring sources.
First, local noise or distortions sometimes appeared to disrupt the
segmentation process, producing boundaries or levels of granu-
larity that did not align with how human observers perceived the
patterns. Second, the thresholds assigned by the system to parsed
conditions on attributes such as slope and duration sometimes ap-
peared more permissive than human perceptual criteria, thereby
admitting results that formally satisfied the constraints but did not
visually resemble clear instances of the target patterns.

We also conducted a post-hoc sensitivity analysis of the mean
fitted-segment R? threshold, which excludes results below the speci-
fied cutoff. Relative to the unfiltered baseline reported above, perfor-
mance changed little at R? > 0.40 (P = 0.149, R = 0.554, F1 = 0.235)
and reached the highest F1 at R?> > 0.60 (P = 0.157, R = 0.525,
F1=0.242). At R? > 0.85, precision increased modestly but recall
declined substantially (P = 0.178, R = 0.283, F1 = 0.219), indicating
a threshold-dependent precision-recall trade-off.

To probe parser robustness to rephrasing with a recent high-
capability LLM, we configured ChronoMantic’s parser backend to
use Gemini 3.5 Flash. Across three paraphrases for each of eight
query intents, the parser correctly mapped all 24 queries to their
intended structured conditions. The benchmark comparison aims
to evaluate retrieval performance under the implemented systems,
rather than the isolated effect of any single query modality.

7 User Study

In this section, we report a two-stage user study* evaluating Chrono-
Mantic: Stage 1 assessed query effectiveness in practical use via a
comparative experiment with Qetch, and Stage 2 assessed usability
through a simulated exploratory querying task. Further details are
provided in the supplementary material.

4The user study has been approved by State Key Lab of CAD&CG, Zhejiang University.
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7.1 Setup

7.1.1  Participants and Apparatus. We recruited 16 participants (S1—-
S16; 10 males, 6 females) via social media (18-28 years; M = 22.56,
SD = 2.87). Their familiarity with time series data was assessed
on a 7-point Likert scale (M = 4.63, SD = 1.45). Participants
had diverse backgrounds (computer science, medicine, manage-
ment, psychology, accounting, and control science). Each received
$8.65 upon completing the study. Sessions were conducted on a
Windows 11 workstation with a 27-inch monitor (3840x2160). We
recorded screens and generated transcripts using meeting software.

7.1.2  Stage 1: Fixed Pattern Querying. In this stage, we ran a within-
subjects comparative experiment to evaluate ChronoMantic’s effec-
tiveness in practical querying. We consistently selected Qetch [43]
as the baseline, with the rationale discussed in Section 6.1. As both
tools are intended to be accessible to a broad range of users, we
followed Qetch’s original setup and used mouse input, which does
not require specialized pen or tablet hardware.

Dataset. We used the dataset® (daily ALK opening prices, 1997-
08-22 to 2002-08-22) provided in the Qetch repository.

Tasks. We designed four tasks with increasing complexity in
combinations of trend lines (L1-L4), following ShapeSearch’s prin-
ciple [60] that even complex patterns typically involve no more
than six trend lines. Each task presented three example images with
graphical and textual annotations; the text matched the images in
granularity to ensure a fair comparison between ChronoMantic and
Qetch. For each task, participants used both tools to find matches
within 3 minutes and could refine queries during the search. After
each search, they evaluated results by browsing the result panels.
We ensured each pattern could be specified in both tools. To reduce
sequence and learning effects, we counterbalanced tool order and
task patterns across participants.

Procedure. This stage comprised four phases: (1) Tutorial. We
introduced the experiment, demonstrated both tools, and explained
the glyph to convey the query grammar’s expressive space; ques-
tions were answered throughout. (2) Warm-up. Participants prac-
ticed with both tools to familiarize themselves with key functions.
(3) Pattern query tasks. Participants completed four tasks (L1-L4)
with each tool; we recorded completion time and collected satis-
faction ratings on a 7-point Likert scale (1-strongly unsatisfied,
7-strongly satisfied) after each task. (4) Semi-structured interview.
After all tasks, participants completed six NASA-TLX questions [22]
using a 7-point scale and participated in a semi-structured inter-
view on workload and tool preferences across complexity levels.
The stage lasted ~40 minutes.

7.1.3  Stage 2: Exploratory Pattern Query Simulation. Stage 2 as-
sessed ChronoMantic’s usability in exploratory scenarios, comple-
menting Stage 1’s focus on fixed pattern querying effectiveness.
We designed tasks to simulate exploratory pattern querying, em-
phasizing iterative querying and exploration. Participants used
only ChronoMantic because this stage was designed to simulate its
exploratory querying workflow rather than compare systems.
Dataset. We used the portfolio dataset described in Section 6.2.

Shttps://github.com/huda-lab/qetch/blob/master/Datasets
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Figure 6: Quantitative results of Stage 1 tasks. We recorded
the task completion time (in seconds) and result satisfaction
ratings for both Qetch and ChronoMantic across four task
levels (L1-L4).
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Figure 7: The perceived workload of participants using Qetch
and ChronoMantic.

Tasks. Tasks simulated the workflow in Section 3.2.1 (dataset
overview, query initialization, result exploration, and query refine-
ment) and required use of all major ChronoMantic functions.

Procedure. This stage had four phases: (1) Tutorial. We demon-
strated ChronoMantic’s by-example features; participants could
ask questions at any time. (2) Warm-up. Participants practiced the
by-example functionality to ensure understanding. (3) Exploratory
pattern query simulation tasks. Participants had 10 minutes to com-
plete the simulation tasks. (4) Semi-structured interview. Participants
completed a SUS questionnaire [8] (5-point Likert scale), followed
by a semi-structured interview based on their SUS responses. This
stage lasted ~20 minutes.

7.2 Quantitative Analysis of Results

Figure 6 (right) shows satisfaction scores for ChronoMantic and
Qetch; all tasks were completed within the time limit. Some par-
ticipants finished certain tasks much faster than average but gave
low scores. This may be because when dissatisfied with initial re-
sults, they stopped further exploration and refinement; thus, we did
not analyze completion time and focused on scores. Because the
7-point Likert satisfaction data violated normality or homogeneity
of variance, we used the Scheirer-Ray—Hare test as a rank-based
nonparametric alternative to two-way ANOVA. For satisfaction, the
toolxcomplexity interaction was not significant (p = 0.561), while
the main effects of tool (p < 0.001) and complexity (p < 0.05) were
significant; rank 172 values were 0.233, 0.070, and 0.016 for tool, com-
plexity, and their interaction, respectively. Post-hoc comparisons
used two-sided within-participant paired Wilcoxon signed-rank
tests with Holm correction and showed higher scores for Chrono-
Mantic at all complexity levels (L1: p,gj = 0.022, L2: poq; = 0.024,
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Figure 8: System usability results from Stage 2 using a 5-point
SUS questionnaire [8]. For better comparison, the scores for
negatively worded items (Q2, Q4, Q6, Q8, Q10) are presented
in inverted form.

L3: pagj = 0.024, L4: p,g; = 0.006), with paired rank-biserial corre-
lations ranging from r,y, = 0.736 to 1.000. Overall, ChronoMantic
achieved higher satisfaction than Qetch.

Figure 7 shows NASA-TLX results: participants perceived lower
workload with ChronoMantic than Qetch across all six aspects (men-
tal demand, physical demand, temporal demand, performance, ef-
fort, and frustration), suggesting reduced workload in pattern query-
ing. ChronoMantic achieved an average SUS score of 87.66 (Figure 8),
exceeding the 84.1 threshold for an A* rating in Jeff Sauro’s sur-
vey [44]. Following the SUS factor-structure study [37], the usability
score was 90.04 and the learnability score was 78.13.

7.3 Qualitative Analysis of Results

We conducted content analysis of the interviews. The first and third
authors independently open-coded the transcripts and reconciled
discrepancies to consolidate comments into themes. The first author
synthesized the codes into the key findings below.

7.3.1 Result Quality and Presentation. All participants (16/16) re-
ported positive feedback on ChronoMantic’s query results, describ-
ing them as “accurate” (S1, S3, S4, S5, S6, S8-S10), “align well with
expectations” (S7, S9, S11, S13, S14), “good” or “better” (S2, S3, S7,
S10, S11, S12, S13, S15, S16), and “comprehensive” or “abundant”
(S14, S15). As S3 noted, “ChronoMantic demonstrates impressive in-
telligence. Its LLM parses even my most abstract natural language
with surprising accuracy, outperforming my expectations.” Most par-
ticipants (11/16) also stated that Qetch could not adequately capture
sketch intent; S15 stated, “I noticed Qetch’s results don’t match my
sketched intents — I drew a steep curve, but it returned gradual pat-
terns.” Four (S4, S9, S14, S16) further highlighted ChronoMantic’s
result presentation: S4 and S9 valued its comprehensive information,
while S14 and S16 appreciated its sorting and filtering functions.

7.3.2  Sketch vs. NL. Most participants (14/16) commented posi-
tively on sketching, describing it as “convenient” (S5, S6, S7, S9,
S10, S15, S16), “more intuitive” (S13), “faster” (S2, S13), “low-effort”
(S11, S14), and “easier to use” (S3-S5, S8). However, five (S1, S6, S9—
S11) reported mouse-based sketching issues with convenience and
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controllability; as S6 said, “When I first tried it, I thought sketching
would be the better way to query. But later I realized drawing with a
mouse is actually pretty awkward. I just couldn’t sketch the patterns
I had in mind, which I felt kind of frustrating.”

Regarding preciseness, more than half of the participants (10/16)
reported that NL offered greater preciseness than mouse-based
sketching for specifying query intents in our study setup, consis-
tent with satisfaction scores. As S6 stated, “NL allows me to directly
specify features, which feels much more precise.” Four (S3, S10-S12)
noted that sketch-only approaches restrict intent expression, while
others (S9, S15, S16) reported frequent adjustments due to sketch
impreciseness. Seven (7/16) also reported NL limitations: “it is ef-
fortful to use” (S3, S7, S13), “typing is inconvenient” (S4, S6), and
“the more complex a pattern is, the more NL needed to describe it”
(S1, S11). Six (S1, S5, S7, S8, S13, S14) further noted NL’s cognitive
burden, as they “need to think about how to phrase it”; two (S5, S11)
occasionally struggled to describe patterns clearly.

7.3.3  By-Example NL Authoring. Most participants (11/16) appre-
ciated the by-example function, describing it as “efficient” (S3, S4,
S15), as helping formulate clear queries without crafting wording
(S5, S7, S8, S14, S15), and as supporting multi-relation conditions
(S1, S4, S13, S16). Four (S2, S6, S11, S13) noted it helped mainly
when a closely matched example was available.

Preferences were pattern- and stage-dependent: More than half
of the participants (10/16) preferred manual NL for simple pat-
terns but by-example for complex ones; as S9 explained, “For simple
patterns, I prefer typing natural language. For complex trends or rela-
tionships, I'd use by-example mode. It’s faster than typing everything
out manually.” Six (S1-S4, S8, S11) preferred manual NL for initial
formulation but by-example for later refinement.

7.3.4  Query-Interpretation Transparency and Trust. Most partic-
ipants (12/16) reported that glyphs helped them understand and
validate query processing. S2 mentioned, “The system (ChronoMan-
tic) provides corresponding text highlights that match the glyphs,
letting me verify whether the generated query conditions align with
my intent. It’s like a built-in validation step.” S7 stated, “The glyph
design is clean and self-explanatory. The meanings of glyphs are
immediately understandable at first glance.” Three (S2, S6, S15) re-
ported trust in ChronoMantic; as S15 noted, “Text-based descriptions
feel more reliable than sketching.” However, five (S3, S5, S8, S12, S14)
raised concerns, mainly about complex NL queries (S3, S5, S12);
S12 said, “I'm concerned that for highly complex queries, Chrono-
Mantic might struggle to comprehend them.” For Qetch, three (S2, S3,
S10) reported limited interpretability; as S3 observed, “Qetch offers
poorer explainability. Users must reverse-engineer why certain results
matched the sketch.” Seven expressed distrust toward Qetch, citing
sketch accuracy (S2, S12, S15) or intent capture (S8, S15, S16).

7.3.5 Suggestions for Improvement. Participants suggested direct
glyph editing (S1-S4, S12), adding sketch-based querying (S2, S3,
S8, S14), and enabling point (rather than segment) selection for
value relations in by-example refinement (S6, S12, S16).
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8 Discussion

In this section, we mainly reflect on design lessons for natural
language interfaces and the query specification grammar, summa-
rize observed failure cases and potential mitigations, and discuss
limitations and future work.

8.1 Lessons Learned

Based on our study findings, we derive broader design implications
for future NL-driven interactive interfaces.

Lesson 1: Interpretable visual feedback can enhance user
trust in imperfect NL systems. Participants described the visual
glyph as a “built-in validation step” and “self-explanatory” (Sec-
tion 7.3). This aligns with Cai et al. [10] on refinement tools for
“imperfect algorithms”: they help users “develop a mental model of
the ML algorithm” and “increase user trust” In ChronoMantic, the
LLM parser (Section 4.3) is inherently imperfect and may fail under
semantic ambiguity (Section 8.3); the glyph externalizes parsed
trend conditions, relations, and attributes, helping users compare
the system’s interpretation with their intent and correct misin-
terpretations before execution. Together, these findings suggest
that, to support user trust, NL interfaces should expose inspectable,
condition-level representations of system interpretations rather
than only final outputs.

Lesson 2: Interaction modalities serve complementary,
task-dependent roles. Participants valued sketching for its “conve-
nience” and “intuitiveness”, and NL for its “preciseness” (Section 7.3).
By-example interaction further supported refinement from ob-
served results without requiring users to reformulate the query.
Together, these findings suggest that future interfaces could assign
complementary roles to different modalities. For example, a multi-
modal workflow could allow users to begin with a coarse sketch, add
semantic and relational constraints through NL, refine the query
using observed examples, and use direct editing for precise repair.

8.2 Query Specification Grammar

A query grammar defines the range and complexity of patterns
users can express and provides a structured basis for inspecting,
verifying, and refining the system’s interpretation. ChronoMantic’s
trend-based grammar translates temporal NL into explicit trend
units, attributes, and relations for geometric patterns. Compared
with the trend-oriented specifications in Qetch [43] and Shape-
Search [60], it explicitly supports relational conditions (e.g., one
peak being taller than the preceding one), helping bridge high-level
intent and low-level specifications. The LLM can implicitly com-
pose multiple conjunctive conditions from NL, allowing users to
articulate compound queries without writing explicit logical syntax.
However, the current grammar does not support OR/NOT and has
limited handling of precise numerical constraints. A detailed com-
parison of logical operator support among ChronoMantic, Qetch,
and ShapeSearch is provided in the supplementary material. Despite
these limitations, the grammar is extensible to more complex tempo-
ral semantics (e.g., periodicity, stochastic behavior, or multivariate
dependencies) through additional fields and corresponding com-
putational feature functions, following feature-based approaches
such as Qute [29].



ChronoMantic: A Natural Language Interface for Interactive Time Series Pattern Query

8.3 Failure Cases

We observed failures mainly in NL parsing and by-example author-
ing and discuss them with mitigation strategies.

8.3.1 Failures of NL Parsing. We identified three types:

e Semantic ambiguity in user queries. Ambiguous expressions
can be misinterpreted (e.g., “plateau” intended as “rise-steady-fall”
parsed as a flat trend), reflecting a known challenge in NL data
interfaces: bridging the gap between linguistic expression and
intent [11]. A potential mitigation is an LLM-agent ambiguity
detector that prompts clarification when multiple interpretations
are plausible, aligning execution with user intent.

e Hallucination in domain-specific patterns. Despite domain
knowledge (e.g., bullish divergence), LLMs may fail to translate
concepts into correct structured patterns, understanding what
a concept is but not how it is composed. We plan parameter-
efficient fine-tuning (e.g., LoRA [26]) on “domain term”-“struc-
tured pattern” pairs to improve semantic-to-structure mapping.

e Limited numerical comprehension of LLMs. LLMs often
mishandle precise quantities (e.g., “a flat trend followed by 20
rising trends” producing a number other than 20). We will extract
numerical constraints from user input rather than relying on
LLMs to generate precise quantities.

8.3.2 Failures of By-Example Authoring. We identified two types:

e Limitations in specifying intents. By-example authoring de-
pends on choosing appropriate approximation levels; if the in-
tended pattern cannot be specified at the current level, users must
retry. We plan to support more flexible example specification,
e.g., direct glyph editing to create desired examples.

e Inability to transform examples to appropriate NL. Chrono-
Mantic may generate incorrect/suboptimal NL (e.g., referring to
the second rise as the “third rising trend”) and overly verbose
descriptions for multi-trend patterns. We will improve example-
to-NL generation via prompt engineering: first produce detailed,
precise descriptions, then compress them into concise queries.

8.4 Limitations and Future Work

We outline limitations and directions for improving both function-
ality and evaluation.

8.4.1 Functionality. We mainly discuss the following four aspects:

Retrieval robustness and efficiency. The current piecewise-
linear approximation remains sensitive to high levels of noise.
Future work will explore alternative approximation and feature-
extraction methods, together with adaptive method selection, to
improve robustness. We also plan to investigate domain-specific
pattern pre-mining (e.g., in finance) to improve retrieval efficiency
and support cold-start exploration.

Retrieval transparency and uncertainty. ChronoMantic cur-
rently provides query-interpretation transparency only: linked
glyphs and text highlights expose parsed conditions and their map-
pings to the query text. It does not explain why individual can-
didates are included or excluded, or how approximation levels,
segmentation, thresholds, and relational constraints affect retrieval.
Future work could extend retrieval and parameter transparency
through candidate-level explanations, sensitivity views showing
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how results change under alternative settings, and uncertainty cues
that flag borderline or unstable matches.

Retrieval correctness and coverage. The result and detail pan-
els, together with sorting and filtering, support post-hoc inspection
of returned matches and help users identify apparent false posi-
tives. However, the current system does not surface potential false
negatives; users can only probe possible misses by rephrasing or
relaxing queries and comparing result sets. Future versions could
suggest progressive relaxations of query conditions, surface candi-
dates excluded just beyond thresholds, and rank ambiguous candi-
dates using perceptual-relevance estimates, potentially including
relevance scores from vision-language models. These mechanisms
could help users assess matches and discover possible omissions.

Result-level analysis. Beyond inspecting individual matches,
ChronoMantic lacks higher-level analysis and summarization for
exploratory use (e.g., summarizing the trends that typically follow
retrieved instances of “head-and-shoulders” patterns). Future work
will add aggregate summaries to support deeper exploration.

8.4.2  Evaluation. Our evaluation can be strengthened in four re-
spects. (1) The 6-person formative interview and 16-person user
study limit generalizability; the formative findings informed de-
sign rather than population-level claims, and larger, more diverse
samples are needed. (2) Stage 1 used keyboard input for NL and
mouse input for sketching, while Stage 2 used short simulation
tasks; future studies should examine alternative input modalities
and more realistic exploratory settings. (3) Qetch is a representative
open-source baseline rather than an exhaustive benchmark, and the
workflow-level comparison does not isolate the effects of individ-
ual components; broader baselines (e.g., NL-based or multimodal),
component ablations, and an equivalent direct-manipulation base-
line remain future work. (4) The sensitivity and parser-robustness
checks were lightweight. Future sensitivity analyses could exam-
ine alternative segmentation and approximation methods. Parser
robustness could be evaluated on ambiguous and domain-specific
inputs across diverse phrasings, temporal semantics, and models.

9 Conclusion

This paper presented ChronoMantic, an interactive approach for
constructing, interpreting, and refining NL-specified time series pat-
tern queries. Informed by formative interviews with six time series
analysts, ChronoMantic integrates glyph-based feedback on query
interpretation and by-example refinement for iterative querying.
We illustrated its workflow through two usage scenarios, evaluated
its retrieval performance on a manually annotated benchmark, and
assessed its query effectiveness and usability through a two-stage
user study. Participants reported high satisfaction with its query re-
sults and valued its explanatory glyphs and by-example refinement.
Future work will broaden the supported temporal representations,
improve retrieval robustness and transparency, and evaluate the
system in more realistic exploratory settings.
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