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Abstract

Evaluations of large language models (LLMs)
in scientific information seeking tasks have
become increasingly use-centric, such as con-
ducting live or multi-turn evaluations with real
users. These evaluations still assume a single,
static chat interface, but as models are inte-
grated into new interfaces, evaluations must
shift to incorporate interface-specific criteria.
We propose a new evaluation framework based
on a formative study with 16 participants that
tests models’ ability to generate multiple re-
sponses to one query that differ along an inter-
pretable axis of language (language complex-
ity), inspired by direct manipulation interfaces
from human-centered design literature. We
evaluate GPT-5.1, GPT-5 mini, Claude Sonnet
4.5 + Thinking, and DeepSeek-V3.1 by gener-
ating 5 responses at different levels of language
complexity for 98 scientific queries. While
models vary complexity across responses, most
changes remain inconsistent, with the best per-
forming model (Claude Sonnet 4.5) only shift-
ing reliable complexity measures in the correct
direction 46% of the time. Our findings hold
with increased sample size and alternative com-
plexity levels.

1 Introduction

Current evaluations of large language models
(LLMs) in information seeking tasks have become
increasingly use-centric in response to the rapid
improvement of models and their integration into
deployed systems. For example, more evaluations
focus on conducting live or multi-turn evaluations
with users (Bragg et al., 2026b). However, these
evaluations generally assume a single, static user
interface (i.e., a chat interface). As models are
integrated into new interfaces (e.g., reading or
writing interfaces, Joshi and Vogel, 2026; Lee
et al., 2024), evaluations must shift to incorporate
interface-specific criteria.

We focus on one such task and use context: sci-
entific information seeking with mixed-expertise
users. Scientists increasingly use LLMs for
reading (Fok et al., 2023; Lo et al., 2023) and
synthesizing literature (Asai et al., 2026; OpenAI,
2025). Readers of scientific language can vary
in their preferred responses depending on their
background (e.g., a junior or senior researcher) and
particular context (e.g., reading within a familiar or
unfamiliar discipline), such as preferring simpler or
more complex summaries and explanations (Guo
et al., 2021; August et al., 2022; Joshi et al., 2025).

Past evaluations have focused on models’ ability
to generate responses that align with different
envisioned audiences (Joshi et al., 2025), or
personalize a response to given user (Guo et al.,
2024b; Murthy et al., 2022). However, a single
response can be misaligned with a user, fail to
incorporate correct context (Fok et al., 2024), or be
inherently insufficient even if correct. For example,
the design paradigm of details on demand (Min
et al., 2025) suggests that users may—after seeing
an initial summary—want more details, even if
they did not want a detailed first response. While
users might prompt a model for more details, often
direct manipulation of text (e.g., a slider for text
complexity) can be a more effective mechanism
for end-user control (Zhang et al., 2026).

Rather than asking if models can generate a
single best scientific summary, in this paper we
ask if models can generate multiple summaries
that enable effective user selection and control.
We focus on language complexity (e.g., jargon,
information, Guo et al., 2024a; Joshi et al., 2025) in
model responses, and validate our approach with a
formative user study (N = 16) where participants
explored unfamiliar STEM topics using a prototype
chat interface that enabled direct manipulation
of response language complexity (Fig. 1). Using
an existing scientific QA benchmark (Asai
et al., 2026), we test 5 recent models (GPT-5.1,
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GPT-5 mini, Claude Sonnet 4.5 + Thinking, and
DeepSeek-V3.1) by generating 5 responses at
different levels of response complexity1 to 98 scien-
tific queries. We define model performance based
on the relationship between versions of a response.

We find that while models are able to vary
complexity across responses, most changes remain
inconsistent. For example, the best-performing
model for jargon change (Claude Sonnet 4.5) only
changed jargon in the correct direction 46% of the
time across the 5 responses for an individual query
(33% of the time for our measure of information,
Sec. 4.3). Additionally, though models consistently
increased complexity measures for lower complex-
ity responses, in higher levels, changes in measures
neared chance level for most models. We also show
that our findings hold with increased sample size
(N = 459) and alternative audience labels. In sum-
mary, our paper makes the following contributions:

1. A new evaluation framework that tests models’
ability to generate multiple, distinct versions
of a response across a dimension of interest.
We instantiate the framework for scientific
information seeking.

2. A suite of three complexity measures moti-
vated from prior work and grounded to a user
study with 16 participants reading scientific
literature in unfamiliar disciplines. To eval-
uate models, we define a criterion for the re-
lationship of complexity measures between
versions of a response.

3. Evaluation results from 5 models on scientific
queries showing that models often fail to reli-
ably adjust complexity measures in the correct
direction across versions. Our findings hold
across models and when we shift anchors for
version generation (i.e., make anchors more
distant from one another).

2 Related Work

2.1 LLMs for Information-Seeking

With the rising capabilities of LLMs being able
to quickly produce different versions of text (Kirk
et al., 2024; August et al., 2024; Joshi et al., 2025;
Wu et al., 2023a), many LLM-powered interfaces
have been developed to help people search for

1We anchor complexity levels in our prompt by using dif-
ferent envisioned audiences, similar to past work (Joshi et al.,
2025; August et al., 2022), see Sec 3.1.

papers (Mudd et al., 2025), skim papers (Fok et al.,
2023), aggregate information across multiple docu-
ments (Singh et al., 2025; Whitfield and Hofmann,
2023), and understand content (August et al.,
2023; Rust et al., 2025a; Fok et al., 2023; Rust
et al., 2025b; Fok et al., 2024). A popular option
has been conversation-based, question-answering
systems, such as Elicit (Whitfield and Hofmann,
2023), ASTA (Singh et al., 2025), and OpenAI’s
Deep Research (OpenAI, 2025).

2.2 Adapting LLM Responses to Users

There have been two primary ways to adapt LLM
responses to users: interactivity (i.e., the user
decides what to see) (Min et al., 2025; Sundar
et al., 2010; Färber et al., 2025; Head et al., 2021)
and personalization (i.e., the system decides what
the user sees) (Kim et al., 2025b; Adar et al., 2017;
August et al., 2022; Acharya et al., 2018). Past
evaluations in complexity adaption have had an
implicit personalization context, meaning the goal
was for the model to generate a single correct
response, evaluating whether or not LLMs could
simplify text by generating a response at a 5th
grade reading level when prompted with “explain
like I am a 5th grader” for example (Beks van
Raaij et al., 2024; Hedlin et al., 2025; Joshi et al.,
2025; Färber et al., 2025). We instead focus on an
interactive context by evaluating how well models
generate a range of responses, allowing users to
choose between levels of complexity. We explore
this alternative framing because users may need to
select their own version depending on their needs
in the moment (Fok et al., 2024) rather than on a
static attribute (e.g., a professor wanting a simple
definition of a term in their field). While users can
prompt models for this information, specifying in-
formation needs iteratively can be time consuming
and distracting (Zamfirescu-Pereira et al., 2023).

3 Formative User Study

Because our motivation for analyzing language
complexity is linked to an interactive context (i.e.,
users directly manipulating language), we start
by conducting a formative study to structure our
subsequent model evaluation (Sec. 4). Specifically,
we aim to (i) validate the utility of interactive
complexity, (ii) corroborate characteristics of lan-
guage that participants associate with complexity,
and (iii) identify criteria for model responses that
enable successful interactive complexity. In this
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section, we describe our user study design (Sec.
3.1) and findings (Sec. 3.2).

3.1 Study Procedure
We conducted a within-subjects study with 16
participants primarily from research and STEM
backgrounds. To test the utility of direct manipu-
lation of response complexity, the study was coun-
terbalanced between an interactive chat condition
where participants used interactive complexity (de-
scribed below) and a conventional chat condition.
To emulate the experience of exploring new topics
with the interfaces, we asked each participant to
provide two topics that they were interested in but
had little to no knowledge about before the study.
In line with the motivation of information seeking
in knowledge-intensive domains, we required
that the topics were in STEM. During the study,
participants had 15 minutes to interact with each
interface and complete two simple information-
seeking tasks; details on instructions and tasks are
provided in Appendix A.9. While interacting with
each interface, participants were asked to actively
verbalize their thought process, reasoning, and
impressions. After each condition, we asked a few
questions about participants’ experience with and
perceptions of the interface and its chat responses;
the interview guide is provided in Appendix A.8.
This study was approved by our institution’s IRB.

Conditions The interactive complexity condition
provided users with a slider mechanism to adjust
the language complexity of chat responses,
choosing from 5 levels labeled 1 through 5, 1
being the least complex (Fig. 1). The conventional
interface looked and functioned similarly, without
the sliders. All responses were generated using
GPT-5 mini, chosen as a recent model with low
latency appropriate for an interactive context.

Response Generation We used topics provided
by participants to pregenerate scientific reports
using a recent RAG-based pipeline (ScholarQA,
Singh et al., 2025) with Claude Sonnet 4.5. Using
these reports as a single ground-truth document,
we prompted GPT-5 mini to generate the slider
responses with audiences defined as College
student, Junior Ph.D. student, Senior Ph.D. student,
Postdoctoral researcher, and Senior researcher. We
based these levels off of previous work that has
stratified model responses based on level of edu-
cation (Joshi et al., 2025; Science Journal for Kids;
August et al., 2024), adjusting the levels to be ap-

complex

B
complexcomplex

A
complex

Figure 1: Interactive language complexity interface
Users can manipulate textual complexity by moving the
response slider (A) to a different notch. Sentences that
are significantly different from those in the previously-
displayed version are highlighted (B); significant dif-
ferences are determined by comparing sentence-level
BERTScores (Zhang et al., 2020) to a threshold. The
preset default is 3, but there is also the option to change
the default to apply to all sliders.

propriate for the envisioned prompts (i.e., scientific
literature queries). We use a single prompt to gener-
ate all 5 levels. Appendix A.1 includes the prompt
and describes alternative prompts we tested.

Participants We recruited 16 participants,
primarily within academic institutions. Due to
our snowball sampling process, most participants
held an academic affiliation and had a STEM
background. More participant details are provided
in Appendix A.6. Studies were conducted over
Zoom video calls and lasted 1 hour after which
all participants received a $25 gift card, which is
above the minimum wage policy in the area.

Evaluation To analyze the qualitative data from
the study transcripts, we employ open coding
(Saldaña, 2021) where one author created an initial
codebook from 4 studies randomly sampled evenly
between conditions, which all authors then iterated
on until a final codebook was agreed upon. Using
the final codebook, the same initial author coded
the remaining studies. Since all authors were on
consultation for study coding, we did not calculate
inter-rater reliability (McDonald et al., 2019).
The codes describe participants’ sentiments (e.g.,
“Appreciates agency of interactive chat”) and inter-
actions (e.g., “Prompted with desired complexity”).

3.2 Results
Interactive complexity is valuable over a con-
ventional chat interface The majority of partic-
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ipants (13/16) appreciated the flexibility that in-
teractive complexity provided. Participants found
the responses from the conventional chat interface
inconsistent in terms of complexity, sometimes pro-
viding too much or too little information or jargon
(13/16). In fact, 7 participants (4 of whom had
not yet seen the interactive condition) ended up
describing their preferred level of complexity in
follow-up prompts, indicating a strong desire for
control over perceived complexity of responses. As
P16 describes: “with the [conventional] chatbot,
it felt like there was a misalignment between how
I was interpreting my level of understanding and
how [the model] interpreted it. So. . . I would manu-
ally adjust the prompt. . . The complexity slider was
nice because it was just a very quick and easy way”.

Jargon, information, and length influenced
perceived complexity As participants decreased
complexity, they prioritized three primary, desired
trends: decreases in jargon (16/16), amount of
information (13/16), and length (12/16). This
finding reinforces expectations that prior work has
assumed (August et al., 2024; Joshi et al., 2025;
Guo et al., 2024a) and forefronts the measures that
we focus on in our model evaluation (Sec. 4).

Small changes in complexity are hard to per-
ceive While 5 levels of complexity seemed gener-
ally appropriate (10/16), 10 participants noted the
levels needed to be more distinct from each other.
In particular, 6 participants noted that “one and
two and four and five [didn’t] feel all that much dif-
ferent” (P9). This observation suggests that some
responses did not strictly increase in complexity,
conflicting with what users expect and need.

4 Evaluating Interactive Complexity

Motivated by our formative findings, we test the
potential for models to provide responses that
enable interactive complexity control. Specifically,

we evaluate model performance based on the
relationship between multiple responses, rather
than on a single response. Below we describe the
data (Sec. 4.1) and models (Sec. 4.2) used in our
evaluation, as well as our measures of complexity
(Sec. 4.3) and our criterion to facilitate effective
user control of model responses (Sec. 4.4).

4.1 Scientific Query Data

We use the queries from ScholarQA-Multi, a
subset of ScholarQABench (Asai et al., 2026) that
contains 98 expert-written scientific queries and
answers across multiple STEM fields (Tab. 1). We
restricted to this subset to use the expert-written
answer reports for grounding model responses to
a single ground truth report (similar to our user
study), aligning with past work on the utility of
human-written context (Tan et al., 2024; Zhang
et al., 2023) and potential issues with reusing
models for both initial ground truth generation and
subsequent response generation (Xu et al., 2024;
Panickssery et al., 2024). Since this restriction
leads to a relatively small sample, we also evaluate
a larger sample of 459 queries with reports gen-
erated from ScholarQA (Singh et al., 2025) as the
RAG pipeline using Claude Sonnet 4.5 (Sec. 5.4).

4.2 Models

We prompt models the same way as for the forma-
tive user study (Sec. 3.1) —to generate 5 versions
of the response, stratified for 5 envisioned audi-
ences going from least to most complex: a College
student, Junior Ph.D. student, Senior Ph.D. student,
Postdoctoral researcher, and Senior researcher.
We explore alternative anchors in Sec. 5.5. We
evaluate 5 recent models across different sizes,
model families, and reasoning abilities: GPT-5.1,
GPT-5 mini, Claude Sonnet 4.5, Claude Sonnet
4.5 + Thinking, and DeepSeek-V3.1. Details about
model configurations are in Appendix A.3.

Discipline % of Data Sample Query

Biology 20.4 What are the biochemical analytical tools to assess the integrity and stability of LNPs?

Biophysics 9.2 Find some papers that discuss the methods to suppress multiple light scattering effect.

Computer Science 33.7 Could you please provide some references to work on multi-document summarization?

Photonics 30.6 What progress has been made in trapping and controlling multiple nanoparticles?

Physics 6.1 What are the ways to perform optomechanical cooling?

Table 1: Distribution of data across disciplines ScholarQA-Multi consists of 98 queries distributed across Biology,
Biophysics, Computer Science, Photonics, and Physics; a sample question from each domain is shown.
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4.3 Complexity Measures
Past work has quantified complexity through sev-
eral linguistic measures. These include readability
formulas (e.g., Flesch-Kincaid score, Flesch,
1948), lexical features, and perplexity measures
(Guo et al., 2024a; August et al., 2024; Joshi et al.,
2025). We take inspiration from these works and
our formative study results (Sec. 3.2) to curate a
suite of three measures, each representing different
dimensions of perceived language complexity:

• JARGON (Guo et al., 2024a; Joshi et al.,
2025): This measure denotes the proportion
of text that consists of less familiar words.
We calculate the percentage of words in the
text that is not on the Dale-Chall Word List,
a list of 3,000 familiar English words (Chall
and Dale, 1995).

• INFORMATION (Trienes et al., 2024; Guo
et al., 2024a): More complex language often
includes more information (e.g., technical
details). We query GPT-4.1 to identify
independent facts, using the pipeline for
generating “atomic facts” from Min et al.
(2023); we validate model performance by
manually inspecting a subset of 25 examples.

• LENGTH (Joshi et al., 2025; Guo et al.,
2024a): More complex language is often
longer, though simpler language can also be
longer when the same information elaborated
upon (Wu et al., 2023b). We quantify length
by total number of response characters.

The Flesch-Kincaid Reading Ease Score is
a commonly-used scale for rating complexity
(Flesch, 1948; Joshi et al., 2025; Ágústsdóttir et al.,
2025; Färber et al., 2025). However, past work has
shown that Flesch-Kincaid scores do not provide
a reliable measure of complexity (Cachola et al.,
2025; Tanprasert and Kauchak, 2021; Imperial and
Tayyar Madabushi, 2023), and we found that our
findings remain the same as the scores exhibit sim-
ilar trends to JARGON and INFORMATION. Thus,
we focus on the measures that we confirmed in our
user study and provide the Flesch-Kincaid data in
Appendix A.4.

4.4 Criterion for effective user control
Based on prior work (Guo et al., 2024a; Joshi et al.,
2025; August et al., 2024) and our formative user
study, we define model performance based on a

model’s ability to increase the measures as the in-
tended complexity levels increase. We operational-
ize this by evaluating the direction of changes in the
measures between the 5 levels of text that models
generate for each query. Models that are better
at generating distinct levels of complexity will
produce positive changes in all measures. Neg-
ative changes indicate that the model decreased
complexity when it should have increased.

5 Results

Fig. 2 plots the change in each measure between
consecutive levels of intended complexity that each
model generates. To quantify model performance,
we report the percent of changes that move in the
correct direction (i.e., increasing JARGON, INFOR-
MATION, or LENGTH) in Tab. 3. Because Fig. 2
and Tab. 3 display results separated by each tran-
sition between levels, we also report the overall
performance across all 5 response levels in Tab. 2
(i.e., the percent of inputs for which the generated
5 levels move in the correct direction across all
transitions). We confirm in Appendix A.5 that the
distribution of the responses we report here reflect
the response distribution from our user study.

5.1 Models inconsistently increase complexity
measures

All models vary between increasing and decreas-
ing complexity measures when generating multiple
levels. In Fig. 2, this can be seen where the distri-
butions cover positive and negative changes for the
same model and transition between levels, particu-
larly in JARGON and INFORMATION. For example,
when transitioning from Level 4 to 5, Claude Son-
net 4.5 increases JARGON for 55.10% of the inputs
(Tab. 3). In other words, for the same transition,
models can increase the complexity for some in-
puts while decreasing the complexity for others.
Fig. 4 shows an example where JARGON and IN-
FORMATION both decrease when the complexity is
supposed to increase. The proportion of stagnant
changes are at most 1.02% for JARGON, 7.14%
for INFORMATION, and 0% for LENGTH; thus we
focus the proportion of changes that decrease as
a stronger indication of complexity going in the
wrong direction.

5.2 Models increase length with complexity
Unlike JARGON and INFORMATION, LENGTH gen-
erally increases with increasing complexity, as is
the intended trend. This can be seen in Tab. 2 as
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Figure 2: Model performance shown as changes in complexity measures Between consecutive levels of
complexity, models produce changes in JARGON, INFORMATION, and LENGTH that vary between increasing and
decreasing, particularly for JARGON and INFORMATION. Each point in the scatter overlay represents an input. The
three subsets (e.g., “College → Sr. Res. (n=98)”) correspond to the evaluation that used the listed audience range
and sample size; “Senior researcher” is abbreviated to “Sr. Res.”. That is, the sample size increases from “College
→ Sr. Res. (n=98)” to “College → Sr. Res. (n=459)”, while the audience range increases from “College → Sr. Res.
(n=98)” to “ Child → Expert (n=98)”. Extreme outliers removed for visualization.

all models increase length across the 5 levels for
the majority of their inputs (e.g., DeepSeek-V3.1
increases length across all levels for 98.98% of the
inputs). However, an increase in length may not al-
ways indicate an increase in complexity, especially
when JARGON and INFORMATION decrease. When
directly examining responses, we notice that cases
where length increases on its own (i.e., without
increasing the other complexity measures) can be
indicative of elaborative simplification (Wu et al.,
2023b); an example is shown in Fig. 3.

5.3 Model struggle to differentiate responses
in later audience levels

In addition to the overall performance discussed in
the previous two findings, we consider how the
performance varies by transition. We find that
models increase complexity measures more often

Figure 3: Example of elaborative simplification These
are snippets of responses generated by Claude Sonnet
4.5 that are supposed to increase in complexity. Be-
tween the two, LENGTH increases, while JARGON and
INFORMATION decrease. We notice that the additional
text in the Level 4 snippet explains in simple language
what “meta-reason” in the Level 3 snippet entails.
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College → Sr. Res. (n=98)

Model Jargon Info. Length All

GPT-5.1 5.10 31.63 97.96 3.06
GPT-5 mini 13.27 14.29 76.53 0.00
Claude Sonnet 4.5 32.65 42.86 100.0 14.29

+ Thinking 45.92 32.65 86.73 17.35
DeepSeek-V3.1 18.37 24.49 98.98 6.12

College → Sr. Res. (n=459)

GPT-5.1 1.96 26.36 99.56 0.87
GPT-5 mini 3.92 5.88 69.93 0.22
Claude Sonnet 4.5 15.03 32.90 100.0 5.45

+ Thinking 31.59 28.76 83.66 4.79
DeepSeek-V3.1 7.19 7.41 98.47 0.44

Child → Expert (n=98)

GPT-5.1 18.37 51.02 100.0 11.22
GPT-5 mini 26.53 35.71 95.92 11.22
Claude Sonnet 4.5 60.20 45.92 100.0 33.67

+ Thinking 79.59 40.82 93.88 31.63
DeepSeek-V3.1 46.94 36.73 97.96 16.33

Table 2: Model performance shown as percent of
inputs where measures increase across all 5 levels.
These percentages represent how often models generate
sets of levels that adhere to the desired increase in the
complexity measures, so higher is better. The “All”
column shows the percent of inputs for which the model
increases all three measures.

when transitioning from Level 1 (College student)
to Level 2 (Junior Ph.D.) than for the later transi-
tions. This can be seen in Tab. 3 where all models
have the highest proportion of inputs going in the
correct direction of complexity in the “1 to 2” row
compared to the later rows. For example, in the
JARGON column, GPT-5 mini correctly increases
complexity for 87.76% of the inputs when going
from Level 1 to 2, which is higher than 57.14%,
65.31%, and 60.20% for the later transitions.

5.4 Increasing the sample size does not change
these findings

The findings discussed thus far came from provid-
ing 98 queries and their expert-written reports as
input. To test the effect of sample size, we evaluate
a larger set of queries but with model-generated
reports as input. We randomly sample 500 sci-
entific queries from ScholarQABench (excluding
the 98 original queries) and generate a report for
each using the ScholarQA pipeline (Singh et al.,
2025) with a Claude Sonnet 4.5 backend. We use
these reports as input to each model and use the
same framework as our original evaluation. We
report results on 459 queries due to model refusal

Model Jargon Info. Length

GPT-5.1 94.90 81.63 100.0

1
to

2 GPT-5 mini 87.76 72.45 100.0
Claude Sonnet 4.5 100.0 80.61 100.0

+ Thinking 98.98 77.55 100.0
DeepSeek-V3.1 98.98 77.55 100.0

GPT-5.1 54.08 83.67 100.0

2
to

3 GPT-5 mini 57.14 74.49 97.96
Claude Sonnet 4.5 83.67 80.61 100.0

+ Thinking 88.78 79.59 100.0
DeepSeek-V3.1 69.39 74.49 100.0

GPT-5.1 55.10 71.43 100.0

3
to

4 GPT-5 mini 65.31 57.14 80.61
Claude Sonnet 4.5 71.42 78.57 100.0

+ Thinking 77.55 75.51 98.98
DeepSeek-V3.1 51.02 69.39 98.98

GPT-5.1 27.55 77.55 97.96

4
to

5 GPT-5 mini 60.20 69.39 95.92
Claude Sonnet 4.5 55.10 83.67 100.0

+ Thinking 76.53 76.53 86.73
DeepSeek-V3.1 60.20 75.51 100.0

Table 3: Model performance per transition for Col-
lege → Sr. Res. (n=98) Each model’s performance
is shown as the percent of inputs where the measure
goes in the correct direction at each transition. A higher
percentage means that the model performed better at
that transition, by more often increasing complexity.

on some of the queries. Our results show the same
mix of increasing and decreasing complexity mea-
sures (Fig. 2 and Tab. 2) along with the tendency to
perform better when shifting from Level 1 to 2 than
on the later transitions (per transition performance
is provided in Appendix A.2).

5.5 Expanding audience levels can improve
performance but exhibits the same trends

We chose the audiences “College student” through
“Senior researcher” because the wording of the
questions in ScholarQABench implied that the in-
quirer had at least a college education. We inves-
tigate if this choice of audience labels affected the
similarity between levels by running an identical
evaluation using a different set of audience labels.
Specifically, we use labels from a popular video se-
ries called “5 Levels” by WIRED2 that focuses on
communicating specialized concepts to 5 different
audiences: Child, Teen, College student, Grad stu-
dent, and Expert. Results for this evaluation are in-
cluded in Fig. 2 and Tab. 2. While complexity mea-
sures increase more often (i.e., the percentages of
model responses with complexity measures in the
correct direction are higher, Tab. 2), the same trend

2https://www.wired.com/video/series/5-levels/
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Figure 4: Example of text incorrectly decreasing in
complexity Shown are two snippets of text generated by
GPT-5.1 that are meant to increase in complexity from
Level 2 to Level 3. However, we qualitatively observe
that the complexity decreases between analogous
phrases (e.g., “platform selection” in the Level 3
snippet reads simpler than “achieving robust, high-titer
expression in suitable production platforms” from Level
2). Decreases in JARGON and INFORMATION reflect
this observation; note that the measures represent the
texts that the snippets are from, not the snippets in
isolation, explaining why LENGTH increases.

of measures going in the wrong direction holds.
For example, for INFORMATION, the performance
of GPT-5.1 increased from 31.63% to 51.02% with
the change in audience labels (Tab. 2); however,
51.02% is still close to chance level. Additionally,
we observe the same trend where models differen-
tiate between Levels 1 and 2 better than the later
levels (Tab. 4). This can be seen for JARGON when
the performance of GPT-5 mini decreases from
98.98% in the first transition to 69.39% in the last.

6 Discussion & Conclusion

Enabling users to directly adjust the language of
model responses allows LLM-powered systems to
better accommodate user needs. While prompt-
ing remains the default for adjusting model re-
sponses, new malleable interfaces promise more
direct user control beyond articulating information
needs through language (Min et al., 2025; Zhang
et al., 2026). However, while interfaces are empow-
ering users to interact with models beyond prompt-
ing, evaluations of model responses remain fixed
to the traditional chat interface. In this paper, we
propose the idea of evaluating models’ potential
for powering interfaces beyond chat. We do this
by testing multiple responses relative to each other
rather than single responses. This approach has par-
allels with other recent trends in model evaluations,

Model Jargon Info. Length

GPT-5.1 100.0 81.63 100.0

1
to

2 GPT-5 mini 98.98 81.63 98.98
Claude Sonnet 4.5 100.0 87.76 100.0

+ Thinking 100.0 91.84 100.0
DeepSeek-V3.1 97.96 87.76 97.96

GPT-5.1 95.92 92.86 100.0

2
to

3 GPT-5 mini 75.51 80.61 100.0
Claude Sonnet 4.5 97.96 80.61 100.0

+ Thinking 97.96 81.63 100.0
DeepSeek-V3.1 100.0 81.63 100.0

GPT-5.1 63.27 78.57 100.0

3
to

4 GPT-5 mini 65.31 73.47 98.98
Claude Sonnet 4.5 79.59 83.67 100.0

+ Thinking 88.78 84.69 100.0
DeepSeek-V3.1 78.57 73.47 100.0

GPT-5.1 36.73 85.71 100.0

4
to

5 GPT-5 mini 69.39 81.63 97.96
Claude Sonnet 4.5 78.57 83.67 100.0

+ Thinking 92.86 71.43 93.88
DeepSeek-V3.1 64.29 82.65 100.0

Table 4: Model performance per transition for Child
→ Expert (n=98) Each model’s performance is shown
as the percent of inputs where the measure goes in the
correct direction at each transition. A higher percentage
means that the model performed better at that transition,
by more often increasing complexity according to these
measures.

such as evaluating multi-turn conversations (Laban
et al., 2026), integrated or live use settings (Mehta
et al., 2026; Bragg et al., 2026a), and performance
measures based on different intended audiences
(Joshi et al., 2025). Through a formative user study,
we establish that these interactive use cases can
be desirable, specifically for controlling language
complexity, and identify measures and a criterion
for distinguishing between levels of complexity.

To investigate how current models adhere to or
stray from users’ expectations, we evaluate model-
generated levels of complexity for a dataset of sci-
entific questions. We show that evaluating models
across levels of complexity reveals model weak-
nesses that would be difficult to identify in sin-
gle response evaluations. While models tend to
increase length with complexity levels, they fre-
quently decrease jargon and information, suggest-
ing that models often neglect other attributes that
are important for perceived complexity and end-
user control. This finding holds even when in-
creasing the sample size and extending complexity
response anchors to encompass a wider range of
intended audiences.
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Limitations

We evaluated models using linguistic measures
that were strongly supported by prior work and our
formative study. However, there are other potential
measures for complexity that could go beyond
linguistic characteristics towards the content of
the text, such as elaborative simplification and
analogies. Thus, one avenue for future work would
be to quantify and evaluate the impact of these
additional measures.

Additionally, the questions in ScholarQABench
are expert-written, scientific questions (Tab. 1). As
a result, the content of the question may not always
match the audience, particularly when we tested the
WIRED audiences (e.g., a child is unlikely to ask
about “ways to perform optomechanical cooling”).
We did test a range of audiences that would be more
likely to pose such questions (College student to Se-
nior researcher); however, another option for future
work could be to try queries that vary by audience.

Lastly, we establish that models do not consis-
tently increase complexity, causing the differences
between generated levels of complexity to fluctuate.
However, even if models did follow the correct
direction of complexity, we do not know exactly
how much of a difference between levels there
needs to be for a user to notice. Thus, an interesting
follow-up work would be to quantify that differ-
ence by performing a human-centered evaluation
on multiple versions of text that vary systematically
in one or more complexity measures.

Ethical Considerations

This work uses LLMs to generate and evaluate
responses. In addition to their impact on the envi-
ronment (Ren et al., 2024; Desislavov et al., 2023),
LLMs can hallucinate and exhibit biases that af-
fect the information they generate (Venkit et al.,
2024; Sharma et al., 2024; Zhou and Di Eugenio,
2025). At the same time, we believe that the con-
tribution of this work towards making information
from knowledge-intensive domains accessible to
people of varying expertise is valuable.

Additionally, we focus on English text; however,
this does not necessarily account for contexts with
ESL learners who may have experiences that im-
pact scientific information seeking.
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A Appendix

A.1 Prompt for Interactive Complexity
We use 5 levels because it allows for some nuance
between the versions of text, and a popular video
series called “5 Levels” by WIRED3 focuses on
communicating specialized concepts to 5 different
audiences which aligns well with the motivation for
this work. To populate the slider with 5 responses
for the user study and run the model evaluation,
we experimented with different characteristics of
prompts, with highlights indicating what worked
better: specifying audience vs. generic levels,
single vs. multi-prompt, and defining endpoints
of complexity vs. defining all 5 complexity levels.
Our final prompt for the model evaluation is shown
in Fig. 5; we allowed the model to include a
“References” section in its responses during the
user study. We also enforced a JSON schema.

We chose the audience labels to range from Col-
lege student to Senior Researcher because the word-
ing of the questions in ScholarQABench implied
that the inquirer had at least a college education.
However, as mentioned in Sec. 5.5, we tested us-
ing the audiences from the WIRED 5 levels series
(Child, Teen, College student, Grad student, Ex-
pert) to check the effect of the audience labels,
using the same prompt as a template.

A.2 Additional Data for Increased Sample
Size

Tab. 5 shows how often models moved complexity
in the correct direction per transition when evalu-
ating the larger sample of 459 ScholarQABench
queries (Sec. 5.4).

A.3 Model Configuration Details
Tab. 6 shows the model configurations for the
model evaluation. We prompted all but 1 input
only once; the 1 input that we had to regenerate
was initially refused by Sonnet 4.5, possibly due to
the topic. We ran the evaluation during November
2025 through January 2026.

A.4 Flesch-Kincaid Reading Ease Score Data
Fig. 6 shows the changes in Flesch-Kincaid scores
across levels labeled with our initial audiences and
the WIRED audiences. Flesch-Kincaid scores fol-
low the opposite trend to the measures in the main
paper; a decrease in the score indicates higher com-
plexity. Similar to JARGON and INFORMATION

3https://www.wired.com/video/series/5-levels/

Model Jargon Info. Length

GPT-5.1 93.03 84.75 100.0

1
to

2 GPT-5 mini 86.06 59.48 92.37
Claude Sonnet 4.5 100.0 76.03 100.0

+ Thinking 100.0 81.05 99.78
DeepSeek-V3.1 99.56 69.50 99.56

GPT-5.1 44.01 79.30 100.0

2
to

3 GPT-5 mini 51.20 66.01 99.35
Claude Sonnet 4.5 74.29 76.69 100.0

+ Thinking 79.74 76.47 99.78
DeepSeek-V3.1 62.96 61.22 100.0

GPT-5.1 35.51 67.76 100.0

3
to

4 GPT-5 mini 50.76 48.58 77.34
Claude Sonnet 4.5 56.43 80.17 100.0

+ Thinking 63.83 76.03 98.04
DeepSeek-V3.1 48.37 59.04 99.35

GPT-5.1 25.05 70.59 99.56

4
to

5 GPT-5 mini 47.93 69.28 98.04
Claude Sonnet 4.5 45.32 79.96 100.0

+ Thinking 67.32 66.45 85.19
DeepSeek-V3.1 45.97 64.92 99.56

Table 5: Model performance per transition for Col-
lege → Sr. Res. (n=459) Each model’s performance
is shown as the percent of inputs where the measure
goes in the correct direction at each transition. A higher
percentage means that the model performed better at
that transition, by more often increasing complexity ac-
cording to these measures.

(Fig. 2), we observe inconsistent increases in com-
plexity (i.e., decreasing Flesch-Kincaid scores).

A.5 Complexity of Responses in User Study

In this section, we report the changes in complexity
for the aggregated 45 responses across the 16 par-
ticipants from the interactive condition of the user
study. We use GPT-5 mini to supply the responses
as a low-latency option. The distributions generally
match those of GPT-5 mini in the model evaluation
(Fig. 2), confirming that the user study was a fair
instantiation of the model evaluation.

A.6 Participant Details

Tab. 7 lists participants’ background and LLM us-
age. Most participants held an academic affiliation
and had a STEM background. To ascertain gen-
eral LLM usage, we asked “How often do you use
LLMs and LLM-infused applications?”, and the
choices were:

• Never
• Rarely, about 1–2 times a month
• Sometimes, about 3–4 times a month
• Often, about twice a week
• Always, about once or more a day

Some wording came from Kim et al. (2025a).
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College student to Senior researcher Prompt
You are given a user query and a report responding to that query as input.

Using information only from the report and query, rewrite the chatbot response into 5 versions where
each version responds with a level of complexity appropriate for a College student, Junior Ph.D.
student, Senior Ph.D. student, Postdoctoral researcher, or Senior researcher respectively. That is,
Version 1 should be written with a level of complexity that a college student would understand,
Version 2 should be written with a level of complexity that a junior Ph.D. student would understand,
and so on. Assume that the user understands the words in their query.

Preserve mentions of papers and citations by preserving abbreviated, in-text citations. To be clear,
do not write out a References section, just use in-text citations like this: (Vaswani, 2017).

Do not add any additional text like greetings or ornamental words.

Figure 5: Prompt for Interactive Complexity

Model Hyperparameters

gpt-5.1-2025-11-13 temperature = 0
gpt-5-mini-2025-08-07 none specified
Claude Sonnet 4.5 temperature = 0; max_tokens = 9000
Claude Sonnet 4.5 + Thinking max_tokens = 11192 (includes 3000 for thinking)
deepseek.v3-v1:0 temperature = 0; maxTokens = 9000

Table 6: Model configurations

For LLM usage in research, we asked “Do you
use LLMs and LLM-infused applications for any
parts of the research process? Select all that apply.”,
and the choices were:

• Yes, for information seeking (e.g., discover-
ing papers, generating summaries, discover-
ing topics)

• Yes, for editing writing (e.g., fixing grammar
or rephrasing, looking up synonyms, format-
ting papers)

• Yes, for direct writing (e.g., rewriting to an-
other style, shortening, summarizing)

• Yes, for data cleaning & analysis (e.g., clean-
ing and reformatting data, statistical reporting,
qualitative analysis)

• Yes, for ideation & framing (e.g., brainstorm-
ing research questions, coming up with ways
to frame a paper, getting inspiration for meth-
ods)

• Yes, for data generation (e.g., generating syn-
thetic data, producing examples and labels)

• Yes, for other purposes (Select this box and
Other and specify below in Other)

• No
• Other:

These answer choices mostly came from Liao et al.
(2025).

A.7 User Study Interface

We extended a chat interface from the Streamlit
framework4 to build our conventional and inter-
active interfaces. More details are provided in
Sec. 3.1.

A.8 User Study Interview Guide

We include the interview guide we used to structure
questions during the user study. The questions
aim to probe at participants’ perceptions of and
interactions with both interfaces.

The following questions were asked for both
conditions:

• How did you feel about the level of complex-
ity in the chat responses? Were there times
that you felt that you had too much or too little
information? Was the amount of complexity
appropriate or overwhelming?

• How did you use the system generally? What
worked well and what didn’t?

• What about the text in the responses would
you change if anything?

• How did you feel about not reading the pa-
pers? (if the participant expressed something
about this)

The following questions were asked only for the

4https://docs.streamlit.io/develop/tutorials/chat-and-llm-
apps/build-conversational-apps
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Background Field of Study Research
Experience

LLM
Usage

LLM Research Usage

Engineer Computer Science 7 years Always Information seeking, Ideation & fram-
ing, Other: Coding, Indexing

Postdoctoral researcher Comparative Literature 8 years Rarely Information seeking, Ideation & framing

1st year Ph.D. student Computer Science 1 year Rarely None

Master’s student Computer Science 2 years Always Information seeking, Editing writing, Di-
rect writing, Data cleaning & analysis,
Ideation & framing

2nd year Ph.D. student Computer Science 4 years Always Information seeking, Editing writing, Di-
rect writing, Data cleaning & analysis,
Ideation & framing, Data generation,
Other: Getting feedback on paper drafts

Undergraduate student Statistics, Actuarial Sci-
ence

None Often Information seeking, Editing writing, Di-
rect writing, Data cleaning & analysis,
Ideation & framing

5th year Ph.D. student Applied Mathematics 4 years Always Information seeking, Editing writing, Di-
rect writing

Master’s student Computer Science 2 years Always Information seeking, Editing writing

Master’s student Computer Science 1 year Always Information seeking, Editing writing,
Ideation & framing

4th year Ph.D. student Computer Science 5 years Often Information seeking, Other: Coding

4th year Ph.D. student Computer Science 4 years Always Information seeking, Editing writing, Di-
rect writing, Data cleaning & analysis,
Ideation & framing

2nd year Ph.D. student Computational Biology 4 years Often Information seeking, Data cleaning &
analysis

2nd year Ph.D. student Computer Science 2 years Always Editing writing, Other: Coding

College Graduate Statistics, Computer
Science

None Always Information seeking, Editing writing,
Data cleaning & analysis

Master’s student Electrical & Computer
Engineering

2 years Always Information seeking, Editing writing,
Ideation & framing

5th year Ph.D. student Computer Science 6 years Always Editing writing, Ideation & framing

Table 7: Participants’ background and LLM usage
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Figure 6: Flesch-Kincaid Reading Ease score data
These plots show the distributions of changes in the
Flesch-Kincaid scores between consecutive levels for
the two sets of audience labels that we prompted with.
Since a higher Flesch-Kincaid score means that the text
is more readable, decreasing the scores as complexity
increases is desirable.

Figure 7: Model performance during user study
based on complexity measures Between consecu-
tive levels of complexity, the interactive condition had
comparable changes in JARGON, INFORMATION, and
LENGTH to the model evaluation (Fig. 2), varying be-
tween increasing and decreasing. We use GPT-5 mini to
supply the responses as a low-latency option. Each point
in the scatter overlay represents one of the 45 participant
queries. Ideally, all measures should increase between
levels (i.e., all points should be strictly above the zero
line). Extreme outliers removed for visualization.
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Figure 8: Task Questions

interactive condition:
• How did you feel about having a choice of 5

responses with varying complexity as opposed
to one response with fixed complexity? [after
participants had experienced both conditions]

• When did you find the slider helpful or not
helpful?

• When did you ask follow-up questions versus
use the slider versus use the response as is?

• Is there anything about the progression of the
text between the 5 levels that you would want
to control?

• Did the variations in complexity match what
you expected from the 5 levels? If not, what
would you have wanted?

• Was there anything hard about going through
the different levels?

• Did you read all 5 levels, why or why not?
• Could you tell the difference between the 5

levels [or the levels you did read] and how?
• Does 5 levels feel appropriate?
• Do you want the slider for every response?

A.9 Study Materials
Participants were guided through a 1-hour Zoom
session where they interacted with two interfaces,
one conventional chat interface and one with inter-
active complexity as described in Sec. 3.1. For the
conventional chat interface, participants were told
“This is a simple chatbot where you ask a question
and it provides a response”. Since the interactive
complexity version had slider features (Fig. 1), par-
ticipants watched a 1-minute video tutorial. After
learning how to use the interfaces, participants were
then given task instructions as shown in Fig. 9. The
task questions are displayed in Fig. 8; participants
were also provided with a note-taking box in the
same document. After the study, participants were
provided with the disclaimer shown in Fig. 10.

Task Instructions Given to Participants
Before this session, you provided a topic:
[topic provided by participant].
This document contains a few tasks about this
topic for you to complete using the chatbot.
It also contains an area for you to take notes
if you would like to.

You will have 15 minutes to complete the tasks
using only the chatbot; I will provide you
with time warnings.

Please focus on using the chatbot rather than
reading through links or papers. You can open
links to verify content from the system, but
do not read the entire paper.

While doing the tasks, you will be “thinking
aloud”. Basically, we want you to tell us
everything that goes through your mind from the
start to the end as you complete the tasks. When
you are thinking aloud:
- There are no right or wrong answers. You are
not being tested.
- Be honest. If you feel confused, frustrated,
or surprised, please say so.
- Keep talking. Demonstrate your entire process,
what you’re doing, why you’re doing it, what
you’re thinking, and what you’re expecting
- Focus on the task. Complete the tasks to
the best of your ability, while simultaneously
describing your process.
For example, if you click something, you could
say “I am clicking this because” followed by
your reason. If you’re confused, you could say
“I’m not sure what to do here because” again
followed by a reason.

Figure 9: Task Instructions Given to Participants

Post-Study Disclaimer
To create a realistic setting, we showed AI
answers that are directly from responses from
an actual AI system. As known, AI systems can
make up information. Please note that the AI
answers you saw in this study may have been
inaccurate, incomplete, or inconsistent, even
when they sounded convincing.

Figure 10: Post-Study Disclaimer
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