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Abstract

Large language models (LLMs) are increasingly being used for infor-
mation seeking, especially in knowledge-intensive domains. How-
ever, LLMs provide responses with some default amount of complex-
ity, and it has been shown that different people need different levels
of complexity based on their background and goals. Combining
interactivity with the ability of LLMs to simplify text has been an
effective way for users to adjust complexity. However, it is not clear
how to define levels of complexity to choose from. We seek to ex-
plore this gap by firstly evaluating how LLMs generate text of vary-
ing complexity, and secondly, conducting task-based interviews to
understand how different end-users leverage and perceive text com-
plexity. In this working paper, we present preliminary findings from
the model evaluation followed by an outline of our user study design.
The contributions from this work will provide valuable insights for
designing reading support tools, and in turn, help lower the barrier
of information-seeking for people of different levels of expertise.
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1 Introduction

Many people have begun to use large language models (LLMs) for
information seeking [25, 36, 40]. We often see this in knowledge-
intensive domains, particularly in the context of research [25]. For
example, LLMs have been used at the ideation and literature review
stages to sift through and summarize information across docu-
ments [25, 29, 30], often using chat interfaces [32, 33, 36].

However, LLMs respond with a default amount of complexity
that may not meet the varying informational needs of different
users [4, 21]. It has been shown in the context of paper reading that
different people need different levels of complexity based on their
background and goals [4, 6, 15, 19, 20, 31]. Interactivity has been
identified as an effective way for users to customize the information
that they see [11, 27, 37]. Additionally, many LLM-based methods
have been developed to streamline text simplification [7, 9, 18, 21].
Past work has combined interactivity and LLM-powered simplifica-
tion to give users the agency to choose whether or not to simplify
a given text [6, 11, 12].
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However, there are no clear criteria for defining levels of com-
plexity. The effectiveness of text simplification methods has been
quantified with established metrics that are often indicative of
complexity (e.g., length of text [14], readability [10], and human
ratings [21]). While we can use these metrics to verify that an LLM
follows the expected empirical trends (e.g., increasing length with
increasing complexity), there are no guidelines about how models
should follow the expected trends (e.g., linearly increasing length,
exponentially increasing length) or how those trends affect users.
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Figure 1: Overview of our research questions.

In this work, we explore this gap by considering the following
research questions (Figure 1): (1) What trends exist in the character-
istics of the different levels of complexity that LLMs generate? (2)
How does level of complexity and its trends affect how researchers
explore a topic? (3) How do researchers leverage and perceive inter-
activity when adjusting complexity? (4) What similarities and differ-
ences exist between how junior-level and senior-level researchers
use interactive level of complexity when exploring a topic?

To address RQ1, we evaluate a variety of LLMs using metrics
related to complexity; we present the preliminary takeaways from
this evaluation in Section 3.2. To address the remaining RQs, we
plan to conduct task-based interviews, the design of which we out-
line in Section 4. The contributions from these components will
provide valuable insights for designing reading support tools that
can assist people based on their background and goals. At a higher
level, this work will enhance our understanding of how to lower
information barriers for people from different levels of expertise,
broadening involvement in knowledge-intensive fields.
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2 Related Work

LLM:s for Information Seeking. With the rising capabilities of
LLMs being able to quickly produce different versions of text [4, 21,
23, 39], many LLM-powered interfaces have been developed to help
people search for papers [30], skim papers [12], aggregate informa-
tion across multiple documents [36, 38], and understand content [6,
11, 12, 34, 35]. A popular option has been conversation-based,
question-answering systems, such as Elicit [38], Ai2’s ASTA [36],
and OpenATI’s Deep Research [32]. Because of this, we propose a
chatbot setting for the user study portion of this work. Additionally,
in line with the motivation of information seeking in knowledge-
intensive domains, we use STEM topics in our model evaluation
and study tasks.

Adapting Text Complexity. It has been shown in the context of
paper reading that different people need different levels of complex-
ity based on their background and goals [4, 6, 15, 19, 20, 31]. There
have been two primary ways to adapt complexity to users: interac-
tivity (i.e., the user decides what to see) [9, 17, 27, 37] and personaliza-
tion (i.e., the system decides what the user sees) [1, 2, 5, 22]. We focus
on allowing users to interactively choose between levels of com-
plexity rather than personalization because it is difficult to perfectly
model users’ preferences, and users’ needs can be situational (e.g.,
a professor wanting a simple definition of a term in their field) [16].

However, deciding how to define different levels of complexity
to choose from remains unclear. Past work has focused on eval-
uating whether or not LLMs could simplify text, often through
prompt engineering [7, 9, 18, 21]. These works have not explored
empirical trends, such as how much of a difference should exist
between the simplified and unsimplified text. To address this gap,
we evaluate how LLMs produce text of different levels of complexity
when prompted. Additionally, to explore user behavior and prefer-
ences towards different levels of complexity, we propose conducting
task-based interviews using a chatbot prototype.

3 Model Evaluation
3.1 Set-up

We begin by evaluating how a set of popular and relatively recent
LLMs stratify a given input text into 5 levels of complexity. We
choose to use 5 levels because it allows for some nuance between
the versions of text, and a popular video series called “5 Levels” by
WIRED! focuses on communicating specialized concepts to 5 differ-
ent audiences which aligns well with the motivation for this work.
We choose the models to account for different parameter counts,
open and closed models, non-reasoning and reasoning abilities, and
a variety of model families (Table 1).

For inputs, we provide each model with queries and their corre-
sponding, expert-written answer reports from the ScholarQABench
benchmark [3]. ScholarQABench contains STEM queries, specif-
ically spanning Computer Science (e.g., Could you please provide
some references to work on multi-document summarization?), Physics
(e.g., What physical quantities can be precisely measured using a lev-
itated nanosphere?), and Biology (e.g., What are the biochemical
analytical tools to assess the integrity and stability of LNPs?).

Ihttps://www.wired.com/video/series/5-levels/

Panigrahi et al.

Model

GPT-5.1

GPT-5 mini

Claude Sonnet 4.5

Claude Sonnet 4.5 + Thinking
Llama 4 Maverick

Deepseek V3.1

Table 1: Characteristics of LLMs included in evaluation.

‘ Large ‘ Open ‘ Reasoning

WX X X X N
WX X X X
NENENEN

For each input, we prompted each model to produce 5 versions of
the input, ranging from low to high complexity. We experimented
with different characteristics of prompts: specifying audience vs.
generic levels, single vs. multi-prompt, and defining endpoints of
complexity vs. defining all 5 complexity levels. We decided to use
a single prompt that asked for 5 levels of complexity with audi-
ences defined as College student, Junior Ph.D. student, Senior Ph.D.
student, Postdoctoral researcher, and Senior researcher. Levels of
writing are often labeled with different audiences, a common strati-
fication being stage of education[4, 13, 21]. We chose these audience
categories because the wording of the questions in ScholarQABench
implied that the inquirer had at least a college education. We also
instruct the model to only use information from the query and
report provided in the input.

To quantify the complexity of text, past work employs multiple
metrics together because no one metric alone captures complexity.
Accordingly, we used a set of metrics inspired by past work that
capture lexical, syntactic, and informational characteristics: FLEscH
READING EASE SCORE [9, 10, 21, 42], NUMBER OF SENTENCES [14, 21],
AVERAGE SENTENCE LENGTH [5, 14, 24], NUMBER OF INFORMATION
PoINTs [4], and % FAMILIAR WORDS [4, 14]. FLESCH READING EASE
SCORE is a commonly-used scale for rating complexity that is calcu-
lated based on lexical and syntactic characteristics [10]. For NUMBER
OF INFORMATION POINTS, we query GPT-4.1 to identify independent
facts, similar to Min et al. [28]; since this metric relies on an LLM,
we spot-check a few examples to verify its performance. Lastly, %
FaMILIAR WORDS represents the percent of words in the text that is
in the Dale-Chall Word List, which contains around 3, 000 familiar
English words [8].

3.2 Preliminary Results

In this section, we present two preliminary takeaways from the
model evaluation. Based on prior work [4, 14, 21], the intended em-
pirical trend is that as complexity T, FLEscH READING EASE SCORE
and % FAMILIAR WORDs |, while the remaining metrics T. To di-
rectly examine this, we plot the change in each metric between
consecutive versions that each model generates (Figure 2).
Firstly, models do not strictly increase complexity when
prompted for different versions. In all metrics, all models can
vary between increasing and decreasing complexity when prompted
to generate multiple versions. In Figure 2, this can be seen when a
single distribution stretches above and below 0. For example, for A %
FAMILIAR WORDs, the distributions for all models cover positive and
negative values, particularly towards the later transitions. In other
words, for the same transition, models can increase the complexity
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Figure 2: Model performance according to complexity metrics. The x-axes span the 4 transitions that occur (Level 1 to Level 2,
Level 2 to Level 3, etc), and the y-axes represent the change in the corresponding metric that occurs for a transition. That is, each
boxplot shows the distribution of changes in a metric between the consecutive versions that a particular model produces for N =
98 inputs. A scatter overlay is shown on each boxplot [26]; outliers were removed for visualization (FLEscH READING EASE SCORE:
1, NUMBER OF SENTENCES: 13, AVERAGE SENTENCE LENGTH: 18, % FAMILIAR WORDS: 1, NUMBER OF INFORMATION POINTS: 2).

for some inputs while decreasing the complexity for others; ideally,
the models should increase the complexity for all inputs. To give a
specific example, when transitioning from Level 3 to 4 in A AVERAGE
SENTENCE LENGTH, GPT-5 mini increases the average sentence
length for 48% of the inputs and decreases it for 50% of the inputs.

Upon manual inspection of a few points, we qualitatively observe
that the 5 versions of text can reflect the quantitative increases and
decreases in the complexity metrics. An example is shown in Fig-
ure 3 for the % FAMILIAR WORDs metric. Although the intended
complexity is meant to increase through the 5 versions, the actual
complexity of the versions according to the % FAMILIAR WORDS
metric alternates between increasing and decreasing. Qualitatively,
the text seems to follow these fluctuations, one example in the last
transition being: “These approaches significantly improve image res-
olution by mitigating dispersion artifacts.” — “These computational
strategies effectively correct dispersion-induced distortions, thereby
enhancing image fidelity.”.

Secondly, models do not increase complexity by constant
amounts. In all metrics, models can change the complexity by
different amounts between consecutive versions. This trend has al-
ready been shown through the alternating increases and decreases
described in the previous takeaway. However, even when the model
monotonically increases the complexity, the amount by which the
complexity increases between levels can vary. For example, in Num-
BER OF SENTENCES, GPT-5.1 produces the changes (+13, +14, +20,
+5) and (+5, +10, +1, +4) for two inputs when transitioning between
the 5 levels. Sometimes, there is no change; for example, when tran-
sitioning from Level 3 to 4 in A NUMBER OF INFORMATION POINTS,
Llama 4 Maverick produce no change for 8 of the 98 inputs.

Computational methods include time-frequency analysis and iterative optimization [0], a
generic system dispersion compensation method [1], a stepped detection algorithm in the
fractional Fourier domain [2], and a method using fractional Fourier transform [4].

\l/ +9.33% (more familiar)

Computationally, techniques such as time-frequency analysis with iterative optimization
[0], a generic dispersion compensation method [1], and algorithms operating in the
fractional Fourier domain [2, 4] have been proposed.

\l/ -9.94% (less familiar)

Computational techniques include iterative optimization combined with time-frequency
analysis [0], generic system dispersion compensation [1], and advanced signal processing
algorithms such as those operating in the fractional Fourier domain [2, 4]. These methods

enhance image clarity by correcting dispersion-induced artifacts.
J +6.65%

Computationally, methods such as time-frequency analysis coupled with iterative
optimization [0], generic dispersion compensation techniques [1], and sophisticated
algorithms like the stepped detection algorithm in the fractional Fourier domain [2] and
fractional Fourier transform-based methods [4] have been developed. These approaches
significantly improve image resolution by mitigating dispersion artifacts.

\l/ -3.86%

Computational methods enc arange of techniq including time-frequency
analysis with iterative optimization [0], generic system dispersion compensation [1], and
advanced algorithms operating within the fractional Fourier domain [2, 4]. These
computational strategies effectively correct dispersion-induced distortions, thereby
enhancing image fidelity.

Figure 3: 5 versions of a snippet of an input, increasing in
complexity; A % FAMILIAR WORDs is shown between versions.
The expected trend is that % FAMILIAR WORDS would decrease
as the complexity increases. In this example, % FAMILIAR
WOoRDS increases by 9.33, decreases by 9.94, and so on. We bold
words and phrases that differ between consecutive versions
and qualitatively seem indicative of complexity.
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Figure 4: Features of the chatbot interface. We built this interface as a prototype that incorporates slider mechanisms for
adjusting the complexity of individual responses (A) and the default complexity of all responses (C). When the user moves the
per-response slider (A) to a different notch, sentences that are significantly different from those in the previously-displayed
version are highlighted (B); significant differences are determined by comparing sentence-level BERTScores [41] to a threshold.

4 Next Steps: Human-Centered Evaluation

While the model evaluation displays the empirical relationships
between the levels of complexity that LLMs produce, it does not ad-
dress how we should define complexity levels (e.g., Should models
should increase complexity by constant amounts? Do users notice if
models alternate between increasing and decreasing complexity?).
Thus, we plan to conduct within-subjects, task-based interviews,
conditioned based on the trends we found in the model evaluation.

We built a chatbot prototype? that incorporates slider mech-
anisms for adjusting the complexity of model responses to user
queries (Figure 4). We plan to recruit approximately 24 junior- and
senior-level STEM researchers in and outside of academia. Using
the interface, participants will complete a few information-seeking
tasks (e.g., “Find 5 papers related to geotropism.”, “What is the main
idea of each paper you chose?”) under 3 conditions from the model
evaluation that dictate the scale for the sliders:

(1) Response increasing in complexity by a constant amount.
(2) Response increasing in complexity by variable amounts.
(3) Response increasing and decreasing in complexity.

That is, when the participant enters a query, the model will be
prompted to respond with 5 levels of complexity that fulfill one of
these conditions to “populate” the slider. An open methodological
question is deciding which metrics should be used to enforce the
conditions. Since we use multiple metrics to gauge complexity, our
current approach is to provide all the metric values as feedback to
the model and have it regenerate its response until the response
fulfills the condition. However, this may result in longer response
times during the user study; thus, we believe it may be beneficial
to select one or two metrics to use as feedback to the model.
Lastly, we will evaluate a mix of quantitative and qualitative data.
After each condition in the study, we will collect subjective ratings
about participants’ perceptions of the text versions and interactivity.
Additionally, participants will be asked to think-aloud during the
study and to write the information they found for the tasks into a

2Built using https://streamlit.io/

document. Their interactions with the interface (e.g., queries, slider
adjustments) will be tracked as well. We will conclude each study
with an exit interview in which we will ask about the participant’s
experience and any interesting interactions or comments.
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