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Figure 1: Illustration of the functional fragmentation approach supported by EvaLET. Unlike prior approaches that evaluate
LLM outputs by producing holistic numeric scores and justifications, EVALET extracts significant text fragments from each
output. Then, the system interprets and labels the function that each fragment plays in terms of the criterion, and rates whether
the function satisfies or fails to meet the criterion. Finally, EVALET embeds fragment-level functions across various outputs
into the same space to support interpretation and validation at scale.

Abstract

Practitioners increasingly rely on Large Language Models (LLMs)
to evaluate generative Al outputs through "LLM-as-a-Judge" ap-
proaches. However, these methods produce holistic scores that
obscure which specific elements influenced the assessments. We
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propose functional fragmentation, a method that dissects each out-
put into key fragments and interprets the rhetoric functions that
each fragment serves relative to evaluation criteria—surfacing the
elements of interest and revealing how they fulfill or hinder user
goals. We instantiate this approach in EVALET, an interactive system
that visualizes fragment-level functions across many outputs to sup-
port inspection, rating, and comparison of evaluations. A user study
(N=10) found that, while practitioners struggled to validate holistic
scores, our approach helped them identify 48% more evaluation
misalignments. This helped them calibrate trust in LLM evaluations
and rely on them to find more actionable issues in model outputs.
Our work shifts LLM evaluation from quantitative scores toward
qualitative, fine-grained analysis of model behavior.


https://orcid.org/0000-0001-9078-6032
https://orcid.org/0009-0004-2740-1178
https://orcid.org/0000-0001-7491-986X
https://orcid.org/0000-0001-7606-4711
https://orcid.org/0000-0001-6348-4127
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3772318.3790285

CHI "26, April 13-17, 2026, Barcelona, Spain

CCS Concepts

« Human-centered computing ¥ Interactive systems and
tools; Empirical studies in HCI; » Computing methodologies ¥
Natural language processing.

Keywords

Large Language Models, Natural Language Processing, Evaluation,
Sensemaking

ACM Reference Format:

Tae Soo Kim, Heechan Lee, Yoonjoo Lee, Joseph Seering, and Juho Kim.
2026. Evalet: Evaluating Large Language Models through Functional Frag-
mentation. In Proceedings of the 2026 CHI Conference on Human Factors in
Computing Systems (CHI °26), April 13-17, 2026, Barcelona, Spain. ACM, New
York, NY, USA, 27 pages. https://doi.org/10.1145/3772318.3790285

1 Introduction

Large Language Models (LLMs) have enabled practitioners (e.g.,
developers, researchers) to create increasingly sophisticated ap-
plications that generate complex outputs (e.g., stories [16, 100],
research papers [52, 80], and reasoning traces [29, 79]). Deploy-
ing these models safely requires rigorous verification that the out-
puts align [77] with practitioners’ intended goals. Evaluation is
frequently manual as the applications are novel—lacking estab-
lished benchmarks—and involve subjective aspects that require
qualitative judgments [39], like how insightful or harmful the ap-
plication’s outputs are. Identifying systemic and recurring issues
requires reviewing hundreds of outputs, but the burden of manual
inspection often leads practitioners to overgeneralize from small
samples [5, 39, 76, 84]. To address this, practitioners have begun em-
ploying LLM-based evaluators (i.e., LLM-as-a-Judge [104]), where
one LLM evaluates another’s outputs. By describing multiple crite-
ria (e.g., Insightfulness, Harmlessness ) in natural language,
practitioners can assess the alignment of the model outputs with
their various goals [20, 35, 50, 105].

Current LLM-as-a-Judge approaches use holistic scores, where
an entire output is summarized into numeric ratings (e.g., 3 out
of 5) for each criterion. Holistic scores help practitioners quickly
assess overall performance [39] but obscure the specific elements in
the outputs that led to these assessments. For example, in Figure 1,
an LLM explaining “T cells” to a young child received a moder-
ate score for the criterion Age Appropriateness . To understand
this rating, users must manually review the output to notice that
while it uses simple vocabulary, it also employs potentially harmful
war imagery. This manual process provides necessary insights but
undermines the automation benefits. While some LLM evaluators
provide brief justifications, practitioners must still map the justi-
fication to the specific fragments in the output [39]. This lack of
detail or granularity becomes more critical at scale. When multiple
outputs receive identical scores, practitioners have to read the jus-
tifications for each output’s evaluation to determine whether they
share the same issues or different ones. Ultimately, the opaqueness
of holistic scores inhibits practitioners from identifying systemic
failure patterns in the outputs that require urgent attention [12, 73],
and validating the accuracy and consistency of the LLM evaluator’s
judgments [21].
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To address these challenges, we propose functional fragmenta-
tion (Fig. 1): a novel LLM-based evaluation method that dissects
each output into key fragments and interprets the functions of
each fragment, where each fragment may serve multiple functions.
With functions, we refer to the rhetorical roles or purposes that
text fragments serve that are relevant to a given evaluation
criterion. In Figure 1, the fragment describing T cells as “shooting
their special microscopic guns” serves the function of “personifica-
tion” for the criterion Engagement, but also “war-related imagery”
for Age Appropriateness.

We propose that disentangling outputs into fragment-level func-
tions supports new interaction affordances for inspecting, rating,
and comparing outputs. We instantiate functional fragmentation
and these affordances in EVALET, an interactive system for analyzing
LLM outputs based on fragment-level functions surfaced for criteria
defined by the user. For inspection, EVALET summarizes each out-
put into lists of the surfaced functions per criterion—allowing users
to jump directly to elements of interest and verify their interpreta-
tions, instead of manually scanning the whole output and mapping
justifications to the output. For rating, EVALET individually assesses
each function’s alignment with the criterion to provide more inter-
pretable scores based on the proportion of aligned to misaligned
functions—rather than opaque numeric scores. Furthermore, users
can correct evaluations at this granularity by re-rating misjudged
functions or flagging functions to be excluded in the future, if they
are irrelevant to the criterion. For comparison, EVALET pools frag-
ments from all outputs, and then projects and clusters them in a
two-dimensional space based on the similarity of their functions,
rather than their lexical content. Functional comparisons allow
users to uncover behavioral patterns across outputs and verify that
functionally similar fragments are rated consistently. For example,
in Figure 1, fragments with different wording (e.g., “shooting [...]
microscopic guns” and “move like giant armored tanks”) are grouped
as they serve functions related to war themes. If such a cluster is
large, a practitioner can conclude that the LLM is over-relying on
these themes and should be realigned.

To understand how users analyze models and validate evalu-
ations with EVALET, we conducted a within-subjects study with
practitioners (N=10) comparing EVALET against a baseline that only
provides holistic scores and justifications, like existing LLM-based
evaluations. Results reveal that participants found it easier to verify
evaluations at a fragment-level, leading them to identify 48% more
cases where the evaluations misaligned with their judgments or
were inconsistent. Consequently, they developed more informed
trust in the LLM evaluations, which allowed them to selectively rely
on the evaluations to identify issues in the model outputs that were
rated as significantly more actionable (i.e., higher self-confidence
in acting on and resolving these issues). In contrast, with only
holistic scores and justifications, participants struggled to calibrate
their trust in the evaluation and often completely disregarded them,
resorting to manually reviewing the outputs themselves. In an open-
ended exploration session, participants noted how functional frag-
mentation supported a process resembling inductive coding: given a
broad theme (i.e., the criterion), the system surfaced previously un-
considered codes (i.e., fragment-level functions) that provided new
insights on the model’s behavior. Overall, our work proposes that
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functional fragmentatioan shift LLM evaluation from focusing
on opagque and guantitative scores to a more qualitative, actionable,
and ne-grained analysis of model behavior.

2 Related Work

This work aims to support interactive evaluation of LLMs through
sensemaking of model outputs and evaluations at scale. To this
end, we review literature in (1) interactive examination of machine
learning (ML) models, (2) interactive testing and evaluation of LLMs,
and (3) sensemaking of text at scale.

2.1 Interactive Examination of Machine

Learning

Traditionally, Machine Learning (ML) models are examined and un-
derstood by evaluating on benchmarks with automated metrics that
aggregate performance into a single statistic or score. However, this
provides limited understanding into how the model behaves, what
its aws are, and what are the areas for improvemer@( 73 103.
Instead of relying on aggregated metrics, prior work has introduced
systems that support more interactive and ne-grained evaluation
of models. For exampl®@olyjuicd 95 and AdaTes{71] allow practi-
tioners to iteratively evaluate models by creating challenging input

data and testing how the models behave on these cases. Further-

more, researchers have proposed various todls 74, 78 92 94

that help practitioners to unpack evaluations by identifyirglices

or subsets of data, and testing models on these to identify speci ¢
aws or limitations. Complementing these evaluation approaches,
arich body of work in explainable Al (XAl)46 has also explored
how to support understanding of models through more ne-grained
analysis of behaviors4Q. For instance, the foundational methods
LIME [72 and SHAP b3 explain model predictions by inferring
the e ect of individual features. Frameworks such as the XAl Ques-
tion Bank [45 organizes users' understanding and explainability
needs into ne-grained questions that explore diverse aspects of
models (e.g., inputs, outputs, performance). Collectively, this work
highlights the importance and need for more granular analysis of
model performance. Our work extends this to the evaluation of
LLMs: instead of simply slicing datasets, we slice the data points
themselves into fragment-level functions to provide a more ne-
grained understanding of LLM outputs.

2.2 Interactive Testing and Evaluation of LLMs

The general-purpose capabilities of LLMs have enabled novel Al
applications but also made it harder to verify that they behave
as intended. As these models are applied to new tasks and con-
texts, there are no benchmarks or metrics to automate evalua-
tion [39 and, due to their near in nite input-output space, models
have to be tested with numerous and diverse sampk3 101.

To help practitioners, researchers have proposed novel tools that
support interactive testing and experimentation on these mod-
els by decomposing tasks into chains of sub-tasé§,[compos-

ing diverse LLM pipelines in paralleb]| 103, or creating diverse
variations of test inputs 38 59 81, 93. More recently, the suc-
cess ofLLM-as-a-Judg§l04 (i.e., LLMs evaluating other LLMs)
has led to several system§,[31, 39 76 that employ LLM-based
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evaluators to support interactive evaluation on diverse criteria

o0 ering a multi-dimensional view of model performance. However,
as these only provide holistic scores and overall justi cations, prac-
titioners must manually review the outputs and justi cations to
identify speci c strengths and weaknesses, and validate the eval-
uations 21, 39 requiring e ort that is impractical at scale. To
address the limitations of holistic scoring, prior work has proposed
more ne-grained evaluation methods. For example, Nenkova and
Passonneaud]] and FactScoreg8 decompose text into units,
which are then assessed individually, while Scarecrdg [and
BooookScorel3 assess outputs by annotating spans on prede ned
error categories 13 1§. Building on this, our approach employs
LLMs to decompose outputs into fragments, annotate their function
in an emergent manner, and cluster these across outputs surfacing
common strengths and weaknesses, and facilitating veri cation of
evaluation consistency.

2.3 Sensemaking of Text at Scale

Theories on sensemaking posit that people make sense of large in-
formation spaces through multiple cognitive processes such as itera-
tively foraging and organizing information the notional modg67]

and comparing information to identify patternsstructure-mapping
theory[22. Given their signi cant cognitive demands, prior work
has proposed systems that support these processes for textual
data: facilitating structuring and organization of collected informa-
tion [63 70, generating summaries or topic model24, 43 62, 99,

and visualizing corpora using spatial embeddings or structural
patterns R6 34 91]. Recent work extends these ideas to sensemak-
ing over LLM outputs BQ 83. For exampleLuminate[82 guides
LLMs to generate outputs along key dimensions and then visual-
izes the outputs on these dimensions, helping writers explore the
generation space. Gero et a23 explored various designs and algo-
rithms (e.g., unique words, exact matches) to support comparison
of LLM outputs and help users form mental models of LLM behav-
ior. Most similar to our work,Policy Projectoj42 maps LLM
input-output pairs into a 2D space to help users explore common
groups of outputs, classify these groups, and de ne policies on the
model's behaviors using these classi ed groups. Building on these
approaches, we propose a novel approachrfarlti-dimensional
andgranular sensemaking of LLM outputs. Instead of visualizing
entire outputs, we extract fragment-level functions from multiple
outputs for each criterion and then visualize the space of functions
for each criterion supporting exploration of ne-grained model
behaviors within dimensions of interest.

3 Functional Fragmentation: An Evaluation
Approach

To evaluate the alignment of an LLM, practitioners must not only
quantify quality through numeric scores but also qualitatively un-
derstand how this models' outputs are composed and their charac-
teristics [19 23 73. While existing LLM-based evaluation methods
can assess outputs across various crite88 P9 104, they only
provide holistic judgments (i.e., overall scores, justi cation) for each
dimension. Thus, practitioners must manually inspect outputs to
identify the speci c elements that satisfy or violate their goals.
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To address this, we introducinctional fragmentationan LLM-
based evaluation method thdecompos@sodel outputs into criterion-
relevantfragmentsand then infers each fragmentfsinctioni.e.,
the role or e ect it serves that in uences the output's ful liment of
that criterion. Our approach draws inspiration from inductive cod-
ing [87] (i.e., interpreting raw data into codes based on higher-level
themes) and rubric desigréf (i.e., inspecting artifacts to de ne
quality aspects to review). In this section, we outline the novel
a ordances that are supported by this approach fimspecting,
rating , andcomparison of LLM outputs.

3.1 Inspect

Fragment-Levello make sense of existing LLM-based evalua-
tions, practitioners must manually review outputs, connect them
with the evaluator's justi cations, and interpret each fragment's sig-
ni cance in terms of the criteria B9. Our approach automatically
extracts criteria-relevant fragments and interprets their functions
with respect to each criterion directly presenting practitioners
with qualitative interpretations to inspect and verify. As one frag-
ment can serve di erent functions under di erent criteria, our
approach allows practitioners to examine the same content from
multiple perspectives and identify trade-o s. Given that criteria
are often subjective, our approach can also uncover meaningful
functions that the practitioner may have not previously considered
similar to inductive codin87). Conversely, if the LLM evaluator
extracts functions that the practitioner considers irrelevant to the
criterion, practitioners can directly ag these to be ignored in future
evaluations.

Output-LevelBeyond identifying each fragment-level function
in an output, practitioners may also need to inspect how these func-
tions appear together in the output. For example, when evaluating
Tension in LLM-generated horror stories, a practitioner may need
to understand how the LLM uses various functions to gradually
build tension in the story. Traditionally, this would require the
practitioner to read the whole story, but not all of the content may
be directly related to that criterion. WitHunctional fragmentation
each output can be summarized into a list of functions related to a
given criterion, allowing practitioners to easily inspect each output
by focusing only on the aspects of interest.

3.2 Rate

Fragment-LeveBYy disentangling outputs into fragment-level
functions, each individual function's alignment with a criterion
can be rated independently. More ne-grained evaluations can
support interpretability by clearly highlighting the speci ¢ aspects
of an output that are aligned or misaligned with a criterion. Instead
of correcting the LLM evaluator by editing criteria descriptions,
practitioners can directly re-rate speci c functions to control future
evaluations similar to how educators develop rubrics by assessing
examples of student workdg. Beyond supporting practitioners,
LLM evaluators are also more consistent when performing more
ne-grained evaluations through checklistsif7, 75 or rubrics [35
36, 99. Unlike these approaches, which rely on prede ning these
checklists and rubrics, our fragment-level functions ammergent
identi ed dynamically based on the outputs and criteria.

Tae Soo Kim*, Heechan Lee*, Yoonjoo Lee, Joseph Seering, and Juho Kim

Output-Levellnstead of providing uninterpretable and opaque
scores (e.g., 2 out of 5) for each model output, our approach en-
ables us to rate each output based on its proportion of aligned and
misaligned fragment-level functions (e.g., 75% of surfaced func-
tions are aligned). This provides a more interpretable signal of
how muchmisalignment there is in an output and why allowing
practitioners to understand what are the speci c errors that need
to be corrected [73].

3.3 Compare

Fragment-LevelComparing fragments across outputs can re-
veal common model behaviors, but directly comparing raw text
is di cult because fragments may di er lexically or semantically
even when they serve the similar function. For example, when
we evaluate an essay-writing LLM c Logical Coherence, these
two sentences serve the same function as cohesive devices for a
conclusion despite their wording di erencestn conclusion, the
trend is clear, and To sum up, it supports our vievBy labeling
each fragment's functions, our approach allows for comparison
and grouping of fragments not based on their lexical similarity,
but by their functional similarity allowing practitioners to distill
high-level insights and patterns.

Output-LevelBy considering each output as a list of its fragment-
level functions, we can also compare outputs based on whether
they share a function or set of functions. For example, practitioners
could group and lter outputs based on the inclusion of a speci ¢
function of interest and even calculate the distribution of outputs
that contain certain function patterns supporting the common
practice of slicing data into subsets of interest in ML evaluatidd,
78 94). Beyond comparing outputs from a single LLM, practitioners
could qualitatively compare the behaviors of di erent LLMs by
comparing the distributions of speci ¢ functions in each model's
outputs.

4 Evalet : Evaluation of LLM Outputs based on
Fragment-Level Functions

To instantiate the concept diinctional fragmentatioywe present
Evalet , an interactive system that enables usersnspect, rate,
andcompare LLM outputs at both the fragment-level and output-
level. Through an LLM-based evaluat&valet automatically disen-
tangles outputs into fragment-level functions based on user-de ned
criteria, rates the alignment of each function, and visualizes the
evaluations to support exploration and veri cation of evaluations.
Evalet consists of the following components:

Input-Output Dataset : Pairs ofinputsgiven to the user's
LLM or LLM-based application, and pre-generatmatputs

by the LLM. The user uploads this dataset to the system.
Evaluation Criteria : Eachcriterionis de ned by a name
and a description in natural language.

Fragment-Level Functions : Evalet extracts criterion-relevant
fragments and interprets the functional role or e ect of each

For simplicity, we opt for equal weighting of each function. As discussed in Limitations,
future work can explore automatic or manual approaches for weighting the signi cance
of each function.
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fragment to assign a shoffunctionlabel. Each function re-
ceives a positive or negative rating based on its alignment
with the criterion?.

Fragment-Level Justi cations : Evalet provides the LLM-
based evaluator'gusti cation or reasoning for the rating of
each fragment-level function.

Holistic Score and Justi cation : For each output and cri-
terion, Evalet provides aholistic scoreatio of positive to
total fragment-level functions and aholistic justi cation a
paragraph summarizing all fragment-level justi cations to
provide a reasoning on the overall quality of the output.
Base Clusters: To support comparison and identi cation
of common patterns between outputSyvalet groups sim-
ilar functions from di erent outputs into base cluster®r
each criterion. Each cluster is represented by a name and a
description.

Super Clusters: Furthermore,Evalet also groups simi-
lar base clusters int@uper clusterto provide high-level
overviews of the potentially vast landscape of functions.

2A single fragment can be interpreted to serve di erent functions for di erent criteria,
where one such function aligns with its respective criterion while the other misaligns
with its criterion. As a result, we rate eactunctionrather than eaclfragment

Figure 2: Evalet
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4.1 Interface Walkthrough

The user interface oEvalet has two main components: (1he
Information Panel on the left (Fig. 2A) and (Zhe Map Visu-
alization on the right (Fig. 2B). Thénformation Panepresents
details about the LLM outputs, evaluation results, fragment-level
functions, and clusters. Thilap Visualizatiorallows users to ex-
plore fragment-level functions and clusters in a two-dimensional
space. These views are synchronized, where information in one
component is highlighted if the user interacts with relevant in-
formation in the other. We illustrate system interactions using an
example scenario where a developer, Robin, implements an LLM-
based application that generates short advertisement posts from
product descriptions.

4.1.1 |Initializing Data and Criteria S&hen the user rst enters
the system, they upload their input-output dataset in tibmtabase
Tab in the Information Panel. Then, they can de ne their crite-
riain the Criteria Tab ~ and click on Run Evaluation (Fig. 2D)
to evaluate the outputs on the criteria.

To test her application, Robin uploads a dataset of 100 product
descriptions and the advertisement generated for each prod-
uct into Evalet . In the Criteria Tab, she de nes two criteria
Creativity and Uniqueness and Emotional Effect to
evaluate whether the generated advertisements are creative
and engaging.

consists of two main components: (A) Information Panel and (B) Map Visualization. In the Information Panel,

users can use the Tab Navigator (C) to switch between managing their input-output dataset, de ning their criteria set, and

viewing evaluation details. Users can initiate evaluations by clicking on

Run Evaluation (D). The Map Visualization helps users

explore all fragment-level functions across all outputs, where they can toggle what information is displayed using the Map
Controls (E). Each fragment-level function is shown as a dot if rated positive or a cross if negative, and users can hover over

these to see the function description (F).
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Figure 3: In the Database Tab, users can view their dataset of input-output pairs. Each item consists of the input, the output, and

an evaluation summary. This summary presents the output's holistic score on each criterion (A) and its list of fragment-level
functions (B). Users can see more details by clickingon View Details (C). On the details page, the user selects a criterion to view
the relevant evaluations (D). Assessed fragments from the output are highlighted in green if positive and orange if negative (E).
The bottom of the interface displays the holistic score and justi cation provided by the LLM (F). By clicking on each fragment,
users can view the corresponding function description (G) and the evaluator's reasoning in detail (H).

4.1.2 Inspecting Evaluation ReswWifser the evaluation completes,
the user can navigate to thBatabase Tatp skim through each
input-output pair and gauge overall quality through the holistic
scores on each criterion (Fig. 3A). For more detail, the user can
open the evaluation summary for a criterion (Fig. 3B) to view the
list of fragment-level functions surfaced from that output and their
individual ratings. To reduce cognitive loa&yvalet presents each
function in this list through the name of its base cluster rather
than the lengthier function description instantiating theOutput-
Level Inspeca ordance (Sec. 3.1) by summarizing outputs into
criterion-speci ¢ qualities.

To inspect evaluations in detail, the user can click dfew
Details (Fig. 3C) to view the full text for the input and output.
The output has color-coded fragments, which are those that were
extracted, interpreted, and rated for the selected criterion (Fig. 3E).
Clicking on each fragment reveals the corresponding function de-
scription (Fig. 3G) and the LLM evaluator's justi cation for that
function's rating (Fig. 3H). With the criteria selector (Fig. 3D), users
can switch between the evaluations for each criterion to under-
stand the same output from di erent perspectives. This detail view
supports theFragment-Level Inspeantd Ratea ordances (Sec. 3.2).
Alternatively, users can also read the holistic justi cation that sum-
marizes the evaluations for all functions (Fig. 3F) to gain a holistic
understanding of the output's quality instantiating theOutput-
Level Ratex ordance.

As Robin skims through the holistic scores in the Database Tab,
she notices that anAuto-Focusing Glassead scored 0% for
both Emotional Effect and Creativity and Uniqueness .
Opening the evaluation details, she identi es a highlighted frag-
ment that is negatively ratedTransform your vision, transform

your life! Step into a brighter, sharper future noWwhe frag-
ment's function description readstse of exclamatory language
to force emotional respondeoting this, Robin decides to adjust
her application to avoid using exaggerated expressions in the
advertisements.

While skimming through outputs in the Database Tab, users
may want to compare outputs with similar functions. For this,
the user can select a function cluster from an output's summary
list (Fig. 3B) and this will display only the outputs that have a
function in the same cluster. To support holistic analydissalet
also presents summary statistics about the cluster and these outputs
(Fig. 10) including the total number of outputs with functions in
the selected cluster, their average scores, and other clusters that
contain functions that frequently co-occur with functions in the
selected cluster. This ltering and statistics instantiates tBeitput-
Level Compara ordance (Sec. 3.3).

4.1.3 Exploring the Landscape of Fragment-Level Fundgioes-
plore the fragment-level functions for a criterion, the user can check
the Map Visualization (Fig. 2B), which projects the embeddings of
all function descriptions from all outputs onto a 2D space. Closer
points represent similar functions, with dots indicating positively
rated functions and crosses indicate negatively rated ones. Users
can pan and zoom to explore the distribution of functions, identify
similar functions that were rated the same or di erently, and in-
spect function details by hovering on points (Fig. 2F). The clusters
of these functions are also presented through color-coded contours
and labels. Clicking on cluster labels progressively zooms from
super clusters to base clusters to individual functions (Fig. 4A)
enabling exploration from high-level concepts to detailed insights.
Hovering over a cluster shows its label and counts of positive to
negative functions signaling the consistency or variability of the



Evalet: Evaluating Large Language Models by Fragmenting Outputs into Functions CHI '26, April 13 17, 2026, Barcelona, Spain

Figure 4: Users can explore the clusters and fragment-level functions through both the Map Visualization (A) and Explore
Tab (B). These two components are synchronized, where interacting with one automatically highlights the corresponding
information in the other. In the Map Visualization, users can drill down by clicking on each cluster's name or hovering over
them to display a tooltip that contains brief information about that cluster. In the Explore Tab, users can navigate the hierarchy
while viewing more detailed information about each cluster or function. Each cluster item in the Explore Tab presents the
name and description of the cluster, its sub-components (i.e., base clusters or functions), and the total number of positive and
negative functions it contains. Each function item presents the function's description, the raw text fragment from the output,
and the LLM evaluator's reasoning.

evaluations. This Map Visualization instantiates tReagment-Level super clusters (i.e., name, description, and subset of base clusters)
Compare ordance (Sec. 3.3) by helping users compare functionally if nothing is selected, (2) base clusters (i.e., name, description, and
similar fragments across multiple outputs. subset of contained functions) if a super cluster is selected, or (3)
functions (i.e., the function description, raw fragment, rating, and
evaluation justi cation) if a base cluster or function is selected. The
user can also navigate through the hierarchy in this tab, where
clicking on one item will synchronously update the Explore Tab
and Map Visualization. As the user explores, they can select and
collect functions of interest listed in theSelected Entries mode

(Fig. 5A) to compare functions from di erent outputs and clusters.

In the Map Visualization, Robin notices a super cluster la-
beled Creative Marketing Strategiefor the Creativity and

Unigueness criterion. Curious about what thesetrategies
are, she clicks on it to nd various base cluster€reative
Wordplay in Product Marketing Scenario-Based Storytelling
for Product Bene tsand Strategic Reframing of Product Nar-
ratives revealing that the LLM is applying diverse strategies.
She notices mixed evaluations in théreative Wordplay clus- Robin selects two positively rated and two negatively rated
ter and clicks on it to inspect its functions. functions from the Creative Wordplay in Product Marketing
cluster using theSelected Entries mode. She observes that
the fragment llluminate your next chapterwas evaluated as
positive for using metaphor, while the metaphor i€alm is just
adrop away! was rated negatively due to lack of novelty. Notic-
ing these mixed evaluations, Robin realizes that the criterion

Through the Map Controls (Fig. 2E), the user can select what
information is presented in the map: the super cluster labels, the
base cluster labels, or choose to color-code the functions based on
their rating rather than their clusters.

4.1.4 Examining the Functions in DetA#.users interact with should be clearer in how to judge wordplay.
the Map Visualization, they can view more details about selected
clusters or functions in théxplore Tab  of the Information Panel 4.1.5 Correcting the EvaluatioAs. the user veri es the evalu-

(Fig. 4B). Depending on the selection, the Explore Tab shows: (1) all ations, they may identify cases where (1) they disagree with a
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