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Abstract

Eye movement offers valuable insights into
human visual attention during assessment of
machine-generated texts, yet existing research
and resources in this area are limited. To bridge
this gap, we introduce Gaze Responses for
Evaluating Al Texts (GREAT), a comprehen-
sive dataset capturing human eye-movement
features during screen reading of passages gen-
erated by large language models (LLMs). The
dataset includes raw eye-movement recordings,
reading-time measurements, and post-reading
evaluations for LLM-generated passage pairs,
alongside rigorous validation metrics. The
collected eye-movement features demonstrate
strong explanatory power in predicting text
quality. When integrated with negative log-
likelihood (NLL), a commonly used metric for
evaluating text quality, it substantially enhances
model performance across all standard statis-
tical criteria. These findings demonstrate that
eye-movement can act as an effective source
of information that complements probabilistic
metrics, for the task of automatic text qual-
ity assessment. The full dataset and some pro-
cessing code are publicly available at https:
//github.com/qwurd231/GREAT.

1 Introduction

Understanding how humans perceive and evalu-
ate machine-generated text is a growing area of
research in natural language processing (NLP), es-
pecially as large language models (LLMs) become
increasingly integrated into real-world applications.
Despite progress in automatic metrics—f{rom n-
gram-based scores like BLEU (Papineni et al.,
2002) and ROUGE (Lin, 2004), to model-based
ones like BERTScore (Zhang et al., 2019) and
BLEURT (Sellam et al., 2020)—they often miss
human preference nuances, while human evalua-
tions, though reliable, are costly and inconsistent.

“Equal contribution

This highlights the need for scalable, cognitively
grounded alternatives.

Eye-tracking has long been established as a ro-
bust technique in psycholinguistics for studying
the underlying cognitive processes during reading
activities. Eye-movement features such as fixation
duration, saccade frequency, and regression behav-
ior (backward saccades) offer real-time insights
into a reader’s attention, effort, and comprehen-
sion. These metrics have been extensively validated
as indicators of text difficulty and are linked to
theoretical constructs like surprisal and informa-
tion density (Smith and Levy, 2013; Meister et al.,
2021; De Varda and Marelli, 2023; Shain et al.,
2024). However, the direct applications of eye-
tracking to the evaluation of machine-generated
text—especially from modern LLMs—remain rela-
tively underexplored.

Naturally, some recent endeavors have started
exploring the relationship between eye-movement
and LLM-generated texts (Bolliger et al., 2025).
However, still little is known about the strength
of relations (Oh and Schuler, 2022). It is not clear
whether the eye-movement features can directly re-
flect the quality of model-generated texts, whether
they are correlated with human judges’ preferences,
and to what extent they can be used as a way for
evaluation (Lopez-Cardona et al., 2025).

In this study, we design a set of screen-reading
experiments following the classical psycholinguis-
tic paradigm, and focus on the instantaneous eye-
movement reaction to the model-generated texts
displayed, aiming to bridge eye-movement metrics
with NLP evaluation. We introduce GREAT (Gaze
Responses for Evaluating Al Texts), a dataset that
captures the eye movements from human readers
as they read and evaluate LLM-generated text re-
sponses. Based on the MT-Bench dataset, which
provides human preference labels for pairs of LLM-
generated texts. Our dataset includes not only be-
havioral data, such as reading passes and fixation
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patterns, but also post-reading quality judgment
scores. We systematically analyze the relations
between the two components, aiming to uncover
how eye movements measured in multiple dimen-
sions—both temporal and spatial—can serve as
proxies for human assessments of text quality.

Our central research question is: To what ex-
tent can eye-movement features predict the per-
ceived quality of LLM-generated text? Especially
compared to or combined with other features
such as negative log-likelihood (NLL). To explore
this, we evaluate the predictive power of several
common eye-movement features—fixation time,
pixel dwelling time, and backward saccade fre-
quency—and assess how well these features align
with human preferences in the MT-Bench evalua-
tion framework. To sum up, our work offers the
following two main contributions:

* A novel dataset (GREAT) with fine-grained
eye-movement features collected from human
participants reading LLM-generated text pairs.

* Validation experiments: We demonstrate that
eye-movement features significantly enhance
the predictive power of text quality assessment
when combined with common statistical metrics
like NLL.

2 Related Works

Eye-tracking technology has been widely used to
study text readability and comprehension. Prior
studies show that eye-movement measures reflect
cognitive load and processing difficulty when read-
ing machine-translated text, supporting their value
as evaluation signals (Colman et al., 2022). Large-
scale resources such as EMTeC further extend this
paradigm to natural reading of machine-generated
texts (Bolliger et al., 2025). These studies demon-
strate the value of gaze signals for evaluating
machine-translated text. However, they mainly fo-
cus on translation quality, post-editing effort, or
reception of translated documents, while our work
studies open-ended LLM-generated responses and
asks whether eye-movement features can predict
human preference judgments over generated texts.

2.1 Eye-Movement Metrics

Two key metrics of eye-movement during reading
are fixations and backward saccades. Fixations,
during which the eyes pause to read, enable infor-
mation uptake, while backward saccades (regres-
sions) reflect rereading of earlier material. Prior

research shows that as text difficulty increases, fix-
ation durations lengthen, saccade lengths shorten,
and backward saccades become more frequent
(Rayner, 1998, 2009). These patterns are robust
across languages and correlate with traditional read-
ability scores (Baazeem et al., 2021, 2025; Atvars
and Aigars, 2017), suggesting that eye-movement
data reliably capture text difficulty. Consequently,
reading time is also expected to correlate with
readability, and is hence included as a variable in
our analysis.

2.2 Human judgements of generated texts

Human evaluation is one of the major approaches
to assessing model-generated texts (Celikyilmaz
et al., 2020), but it is challenged by several limita-
tions: the lack of preferences over diverse texts
(Hashimoto et al., 2019), the need for multiple
assessors (van der Lee et al., 2019), and biases
arising from sample selection and sequential ef-
fects (van der Lee et al., 2021). The relationship
between the negative log-likelihood (NLL) values
of texts (or surprisal, entropy) and cognitive ef-
forts required for reading, measured by reading
time, has long been established (Smith and Levy,
2013). Recently, NLL has been utilized to develop
cognitive-inspired evaluation frameworks of text
readability together with eye-movement features
(Klein et al., 2025). Similarly, EMTeC, a corpus
of naturalistic eye-movements-while-reading cor-
pus of human subjects reading machine-generated
texts is collected (Bolliger et al., 2025). The main
differences from our work and the existing stud-
ies are that we focus on the predictive effect of
eye-movement features alone in modeling human
perceived text quality, and the text data we use are
annotated by relatively broad human judges.

3 Experiment Setup

3.1 Textual materials

Our study is enabled by the MT-Bench and Chatbot
Arena dataset (henceforth MT-bench) (Zheng et al.,
2023). MT-Bench is an open-ended QA dataset cre-
ated for evaluating chatbots’ conversational skills
and instruction-following capabilities, comprising
30k machine-generated conversations with human
preference annotations. We use MT-Bench under
the default OpenAl API settings (no additional
prompt engineering), where the system—user mes-
sage template serves as the evaluation context. Each
text pair corresponds to responses generated for the
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Figure 1: Task workflow for dataset construction. Par-
ticipants completed 15 sessions, each involving the se-
quential reading of two texts while their eye gaze was
recorded. After reading, participants rated their relative
preference for the texts using a five-point scale displayed
beneath the text pairs on the grading interface.

same prompt in MT-Bench. We manually curated
a subset of 39 texts to serve as reading materials.
Each participant only read a subset of text pairs (15
pairs), and the assignment of texts to participants
was randomized. As a result, each text was read
by an average of 16.62 participants, in accordance
with two guiding principles:

Text length To prevent scrolling or page flipping,
texts were restricted to fit within a single screen,
with an average length of 65 words.

Text domain To accommodate the diverse back-
grounds of the participants, we exclude text materi-
als related to mathematics and programming code,
and retain only those written in plain English from
sources such as Wikipedia and news articles. This
ensures that the majority of subjects can understand
the material without difficulty caused by domain
knowledge.

3.2 Data Collection
3.2.1 Participants

A total of 38 participants (10 female; mean age
= 20.76 years, SD = 1.96), all enrolled in bach-
elor’s or master’s programs where English is the
medium of instruction (EMI), took part in the eye-
tracking experiment. Beforehand, they completed a
questionnaire on English proficiency; Appendix B
summarizes the self-reported levels, compared with
standard test score bands (e.g., TOEFL, IELTS,
CET-4/6; see Table 5).

3.2.2 Apparatus

The experiment was conducted in a controlled en-
vironment: unrelated personnel were cleared, par-
ticipants wore noise-cancelling headphones, and a
28 inches display (2560 x 1440 pixels resolution)
was used. Before starting, participants completed
eye-tracker calibration, and during the task they

were instructed to remain still to ensure data qual-
ity. Eye movement data were recorded using Tobii
Pro Spark eye tracker, operating at a sampling rate
of 60 Hz.

3.2.3 Procedure

We recruited 38 participants for the eye-tracking
experiment. After a demonstration video explain-
ing the procedure, participants read texts at their
own pace without comprehension testing, while
asked to remain still. A six-point calibration was
performed before the task to ensure data accuracy.
Participants used custom keyboards to minimize
distractions, prevent accidental touches, and reduce
noise caused by looking for the keyboard. The ex-
periment consisted of two stages: reading and rat-
ing. In the reading stage, participants used the key-
board to control the start and end of two readings.
After reading the two texts, they rated the two texts
on a five-point Likert scale (Likert, 1932), indicat-
ing their preference within 30 seconds to ensure
attention. Each participant completed 15 cycles (15
text pairs, 30 texts in total, randomly displayed).

To ensure reliable preference selection, both
texts were displayed simultaneously on the screen,
and participants indicated their choice via on-
screen options with a confirmation prompt. A one-
second throttle measure was implemented to pre-
vent accidental or repeated inputs. See more exper-
imental details in the appendix A.

4 Data Processing

4.1 Data Cleaning

Denoising We remove three types of noise data:
the samples with total reading durations beyond
two standard deviations from the mean; samples
with insufficient valid gaze points to control for
technical artifacts; and cases where ratings were
not provided in a timely manner. Applying these
criteria removed 83 pairs, leaving 487 pairs of valid
reading data for analysis. Our eye tracker records
binocular gaze data, and we follow the established
practice (Hooge et al., 2019) by averaging left and
right eye signals to reduce systematic error. A com-
mon issue in eye-tracking experiments is vertical
drift, i.e., a gradual displacement of recorded gaze
coordinates over time (Carr et al., 2022; Chen et al.,
2021; Frank and Aumeistere, 2024). We use a clus-
tering method' to resolve this issue.

IAgglomerativeClustering from scikit-learn
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Area of Interest (AOI) AOI is the basis for defin-
ing subsequent eye-movement features. We follow
the conventions in literature and define AOI as the
bounding box of a word (delimited by a space *
””), with punctuation incorporated into the preced-
ing word (Holmgqvist et al., 2011; Hessels et al.,
2016; Hooge et al., 2025). Specifically, gaze points
outside the reading region (e.g., screen edges) are
excluded, and remaining points are assigned to the
nearest AOL

Detecting microsaccades The first step of ex-
tracting saccade paths between words is to detect
microsaccades. We employed a velocity-based al-
gorithm (Engbert and Kliegl, 2003; Nystrom and
Holmgvist, 2010), where saccades are defined as
velocity outliers relative to the overall distribution.
To minimize noise and enhance detection stability,
gaze data were first smoothed with a five-sample
weighted moving average. Assuming an approxi-
mately normal velocity distribution, the detection
threshold was set at two standard deviations above
the mean. We find this a simple yet effective way
to identify microsaccadic activities robustly.

Extracting saccade trajectories Based on the
microsaccades detected, we extract the full sac-
cade trajectories during reading, by adopting a time-
space-based clustering method known as Spatial
Temporal-DBSCAN (Birant and Kut, 2007), which
clusters fixation points in both time and space us-
ing predefined thresholds while filtering out the
noise. The resulting clusters are mapped to AOIs
to construct the scan paths (Figure 4); further im-
plementation details are provided in Appendix C.

4.2 Feature Construction

Based on the preprocessed data from the previous
step, we construct a set of features that will be the
candidate predictors for later modeling tasks:

Reading Time Total time for reading a complete
text material on screen. The average reading time
is 21.37 sec (SD = 9.35).

Pixel Dwelling Time (PDT) Average eye move-
ment time per pixel. The average PDT in the dataset
is 1.9 ms per pixel (SD = 1.11). A maximum of
21.48% of PDT is concentrated within the interval
[1.34, 1.84]. The data volume around 4.5 ms per
pixel gradually approaches zero.

Saccade Frequency (SF) Ballistic movements,
the eye rapidly shifts its focus from one fixation

point to another. The average number of saccades
is 109.10 (SD = 45.70). A maximum of 17.16%
of SF is concentrated within the interval [97, 117].

Backward Saccade Frequency (BSF) Back-
ward Saccade refers to the reader moving their eyes
backward to the text they have previously read. The
average number of backward saccades is 48.44 (SD
= 18.64). A maximum of 32.48% of PDT is con-
centrated within the interval [46, 61].

Fixation Time (FT) Fixation time is the total
reading duration minus the saccade time. The aver-
age fixation time is 18614.25 ms (SD = 8572.29).
A maximum of 13.57% of PDT is concentrated
within the interval [19528, 22528].

Negative Log-Likelihood (NLL) quantifies the
uncertainty of a language model by measuring the
negative log-probability it assigns to each word
given its preceding context. Formally, for a se-
quence of word—context pairs (z;, y;), NLL is de-
fined as:

N
L(0) == logp (yi | z:;0)
=1

where p(y; | x;;0) is the model’s predicted proba-
bility. In this study, we computed token-level sur-
prisal (NLL) using the LLaMA-7B model (Tou-
vron et al., 2023), as it provides a consistent es-
timate of text predictability across different pas-
sages (Hale, 2001; Levy, 2008). While Shannon
entropy (Shannon, 1948) formally quantifies the
expected uncertainty of the model’s predictive dis-
tribution, NLL reflects the realized surprisal of
the observed text. Empirically, GPT-4 texts ex-
hibit the narrowest NLL distributions, suggesting
stable confidence, whereas Claude-v1 (Anthropic,
2023) shows broader, skewed distributions, indicat-
ing higher variability.

MT-bench Score (MT-score) & Experiments
score (EXP-score) The score of text materials
from MT-bench (1.0, 1.5, 2.0) and the score of text
materials during experiments (1.0, 1.25, 1.5, 1.75,
2.0), the higher, the better, 1.5 means a tie, the finer
scale allows us to distinguish weak from strong
preferences, which is not possible with the original
MT-Bench labels. The two scales are kept separate:
EXP-score is the primary dependent variable in our
models, while MT-score is used only for external
validation (Section 4.3). The majority scores of MT
demonstrate clear preferences between text pairs.
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A similar pattern is observed in the EXP results.
The gpt-3.5-turbo (OpenAl, 2023) contributes the
largest number of texts, spanning the full range
of MT and EXP scores, and particularly enriched
in the cases (MT= 2.0, EXP= 2.0). The GPT-4
model (OpenAl et al., 2024) has the least amount
of text data and a relatively uniform distribution
of ratings. The LLaMA-13B (Touvron et al., 2023)
model has a high proportion of text generation on
MT = 1.0 and EXP = 1.0. Appendix D illustrates
more detailed statistics about the dataset.

4.3 Dataset Validation

To assess the reliability and validity of our
dataset, we conducted both benchmark-based and
correlation-based validation analyses. Specifically,
we evaluated the agreement between participants’
experimental preference scores with the standard-
ized MT-Bench scores. After aligning the scor-
ing scales—mapping EXP-scores: 1.0/1.25—1.0,
1.75/2.0—2.0, 1.5 unchanged—the matching ac-
curacy reached 80%, comparable to Zheng et al.
(Zheng et al., 2023). This high consistency sup-
ports the robustness and external validity of our
experimental framework.

We further examined the link between fixation
duration and lexical surprisal, defined as

Surprisal(w;) = —log p (w; | wi, ..., wi—1)

captures the notion that less predictable words are
cognitively more demanding and are therefore asso-
ciated with increased reading passes (Wilcox et al.,
2023). To empirically evaluate this relationship,
we computed Spearman correlation coefficients
between surprisal values and fixation durations
across the dataset (Mukaka, 2012), and observed
weak but statistically significant positive associa-
tions (pspearman = 0.072, at p < 0.001 level). This
is consistent with predictions derived from estab-
lished cognitive models of reading, such as E-Z
Reader (Reichle et al., 1998) and SWIFT (Engbert
et al., 2002).

While the positive association supports the theo-
retical link between lexical predictability and read-
ing behavior, the relatively low magnitude of the
correlation suggests that additional factors—such
as individual cognitive differences, reading strate-
gies, task demands, and higher-level linguistic com-
plexity (Sheridan and Reichle, 2016)—also play
a role. Overall, the dataset thus reflects both psy-
cholinguistically sound variance and the multifac-
torial nature of human reading behavior.

5 Experiments

Based on the dataset we have collected and cleaned,
we further study how eye-movement features can
predict human preferences in evaluating LLM-
generated texts. Specifically, we use linear mixed-
effects models as the basic approach (Section 5.3),
and a neural reward model as an advanced attempt
(Section 5.4).

5.1 Multicollinearity analysis and variable
selection

The limited proportion of variance in the outcome
measure explained by language model identity in-
dicates that observed differences across models
largely reflect architectural and training properties,
rather than meaningful variance in our outcome
measure. We therefore exclude model identity from
subsequent analyses to better isolate the effects of
linguistic and eye-movement features.

To prevent any potential multicollinearity is-
sues in the modeling task of MT-score predic-
tion, we compute Variance Inflation Factors (VIF)
(Toothaker, 1994) to quantify the amount of vari-
ance each predictor is inflated with due to correla-
tions with other predictors. We keep only those pre-
dictors with VIF < 5, following common practice
in multivariate data analysis (Murtagh and Heck,
2012; O’brien, 2007; James et al., 2013), ensur-
ing independent and interpretable feature contribu-
tions.

Predictor VIF |

Negative Log-Likelihood (NLL) 1.195635
Fixation Time (FT) 1.335048
Pixel Dwelling Time (PDT) 1.832083

Backward Saccade Frequency (BSF) 2.255633

Table 1: The predictors with small VIF values.

As shown in Table 1, the final predictors we keep
for the subsequent modeling tasks are: NLL (lin-
guistic predictor) and three eye-movement metrics,
PDT, BSF, and FT.

5.2 Hypotheses

We propose the following hypotheses regarding the

relationship between eye-movement variables and

perceived text quality (measured via MT-score):

* H1: Lower Pixel Dwelling Time (faster reading
speed) positively predicts perceived text qual-
ity, reflecting smoother and more fluent reading
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Figure 2: Distributions of the four main predictors, NLL, PDT, BSF, and FT, grouped by MT-Score values (1.0,
1.5, and 2.0). Red dots on the left represent the median of each distribution. The four corresponding probability
curves (right blue) show the effect of four main predictors on the probability of MT = 2.0, along with the regression
coefficients (shadow areas are 95% confidence intervals).

behavior.
* H2: Increased Backward Saccade Rate positively
predicts text quality, indicating more frequent re-
gressions during reading are associated with bet-
ter comprehension, deeper processing, or higher-
quality writing.
H3: Longer Fixation Time is negatively associ-
ated with quality judgments as it implies that the
comprehension process demands greater cogni-
tive effort.
H4: Combining temporal (Fixation Time), spa-
tial (Pixel Dwelling Time), and difficulty (Back-
ward Saccade Frequency) eye-movement met-
rics improves predictive accuracy beyond either
metric individually, demonstrating their comple-
mentary contributions.
We posit that eyemovement-based features of-
fer a richer and more direct window into readers’
cognitive engagement with text than statistical lin-
guistic features. Specifically, these metrics provide
a multidimensional characterization of reading be-
havior: Fixation Time captures processing effort,
Pixel Dwelling Time reflects reading efficiency,
and Backward Saccade Frequency indicates com-
prehension difficulty.

5.3

This section presents mixed-effect regression mod-
els examining the performances of predicting
human-judged text quality scores (MT-Score, de-
fined in Section 4.2) using the four predictors from
Table 1. Random intercepts are fit to account for
variability across text generators and participants.

Mixed-effect linear models

The coefficients from single-predictor models are
shown in Table 2. In summary, all eye-movement
features are significant predictors of text qual-
ity, which strongly supports our hypotheses that
directly measured cognitive efforts during language
processing can reflect the high-level quality of in-
put text. Details of each model are discussed as
follows.

Model B SE t-value Effect Direction p-value

Mnin 2699 x 1072 3.174 x 1073 8.504 Positive 1.833 x 1017
Mppr  8.850 x 107! 1.467 x 107! 6.034 Positive 1.596 x 1079
Mpse  1.520 x 1072 4.163 x 10~ 3.651 Positive 2.612 x 1074
Mpr  —5.188x 107! 1477 x 107! —3.514 Negative 4.418 x 1074

Table 2: Parameter estimates, standard errors, t-values,
and for mixed-effects models predicting MT-Score from
individual predictors. Random intercepts for both Gener-
ator and Subject were incorporated in all single predic-
tor models, except for My, which included a random
intercept for Generator only.

Base Model (Mny1,) We first set a baseline
model My, which only uses token-level uncer-
tainty, measured by NLL, on predicting text quality.
The model is formulated as:

MT ~ [y + fniL - NLL + (1|Generator) + €

, where [ is the intercept; (1|Generator) is a ran-
dom effect accounting for the variance in text gener-
ation capabilities of the different generator models
from the MT-Bench dataset; ¢ is the residual error.

The coefficient for NLL is significantly positive,
indicating that texts with higher token-level sur-
prisal tend to receive higher MT-Scores. This find-
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ing corroborates prior work suggesting that read-
ers favor content that is more novel or informa-
tive (Gehrmann et al., 2019). My 1. establishes a
baseline for evaluating the subsequent models with
eye-movement features added.

Model 1: Effect of Pixel Dwelling Time (Mppr)
PDT measures the average duration of visual atten-
tion for a reading session (Rayner, 1998). We fit
the model Mppt formulated as:

MT ~ By + Biog(ppr) - l0g(PDT)
+ (1|Generator) + (1|Subject) + €

Different from My, this formula includes an ad-
ditional random intercept for the human subject to
account for the individual difference in text pro-
cessing capabilities. A significant positive effect of
PDT on MT-Score is found, indicating that longer
visual attention (larger PDT value) is associated
with higher subjective quality ratings (higher MT-
Score). This finding supports hypothesis H1: the
increased cognitive engagement, as reflected by
PDT, reveals a more favorable human evaluation
outcome.

Model 2: Effect of Backward Saccade Fre-
quency (Mpsr) BSF captures the rate of regres-
sions—eye movements returning to earlier parts
of the text—typically linked to increased cognitive
effort during reading, such as resolving ambiguity
or reprocessing complex content. To evaluate its re-
lationship with perceived text quality, we estimated
a mixed-effects linear model (Mgsg) defined as:

MT ~ By + Besk - BSF
+ (1|Generator) + (1|Subject) + €

Results show a statistically significant positive ef-
fect of BSF on MT-Score (see Table 2), indicat-
ing that texts eliciting more backward saccades
tend to receive higher human quality ratings. This
supports hypothesis H2, suggesting that readers
engage more deeply—and perhaps more favor-
ably—with texts that prompt more rereading be-
havior.

Model 3: Effect of Fixation Time (Mgr) FT
measures the cumulative duration of a participant’s
gaze fixations on a given text, serving as an indica-
tor of processing effort during reading. To investi-
gate its role in predicting perceived text quality, we

specified Mgt as follows:

MT ~ By + Biog(rr) - log(FT)
+ (1|Generator) + (1|Subject) + €

The model reveals a significant negative relation-
ship between FT and MT-Score (see Table 2), indi-
cating that shorter fixation durations are associated
with higher subjective quality ratings. This finding
supports hypothesis H3, suggesting that more eas-
ily processed texts, as reflected by reduced fixation
time, are perceived as having higher quality.

The distribution and regression results of the
base model and all three single predictor models
are shown in Figure 2.

Multi-Predictor Models Integrating multiple
eye-movement predictors can capture complemen-
tary aspects of reading behavior that jointly im-
prove the assessment of text quality (Mathias et al.,
2018).

Model AIC BIC R? Adj. R?
Base Model

ML 1003 1017 6.182x 102  6.085 x 10~2
Single Predictor Models

Mppr 1067 1086  6.436 x 1072 6.340 x 1072

Mgt 1094 1113 1.343x 1072  1.242 x 1072

Masr 1093 1112 3255 x 1072 3.155 x 1072
Multi-Predictor Models

MpDT4FT 1042 1066 9.122 x 1072 8.935 x 1072

Mppresse 1069 1093  6.666 x 1072 6.474 x 102

MET4 BSE 1069 1093  6.381 x 1072 6.188 x 1072

MEyE 1040 1069 9.924 x 1072 9.645 x 1072

Mgygsnin 9827 1016 11.91x 102 11.55 x 1072

Table 3: Model Performance Comparison: AIC, BIC,
R?, and Adjusted R? for models predicting text quality
grading (MT) using individual and combined metrics.
EYE denotes the combination of three eye-movement
metrics—PDT, FT, and BSF—for brevity.

To assess the predictive capacity of different
models for text quality grading, Table 3 reports
results on four metrics: Akaike Information Crite-
rion (AIC) (Bozdogan, 1987), Bayesian Informa-
tion Criterion (BIC) (Schwarz, 1978), coefficient
of determination (R?), and adjusted R? (dej).
AIC and BIC measure model quality by balancing
goodness-of-fit with complexity (lower is better)
(Lehtonen et al., 2019). R? quantifies the propor-
tion of variance explained by the predictors, while
Rgdj adjusts for model complexity, allowing for
fairer comparisons between models with differing
numbers of features.
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Compared with the NLL-only baseline (MnyL),
all two-predictor combinations involving eye-
movement metrics (e.g2., MppT4+rTs MFT+BSF)
demonstrate improved explanatory power across
all evaluation metrics, confirming that these fea-
tures provide further information beyond token-
level model uncertainty (Wiechmann et al., 2022).
Notably, the Mpprpr model achieves the low-
est AIC and BIC along with the highest R? and
dej, indicating the most parameter efficient model
choice.

The full eye model (Mgyg: PDT+FT+BSF)
shows a modest improvement over Mppripr,
though with a slightly higher BIC, indicating a
minor trade-off in model parsimony. By combining
the eye-movement metrics with NLL, the model
Mgeye+nLL achieves the best performance across
all four evaluation criteria. The substantial increase
in both goodness-of-fit measures suggests that eye-
movement features serve as an important comple-
ment to NLL in predicting text quality grading,
offering robust empirical support for H4.

Held-out Prediction To further validate our re-
gression analysis, we evaluated predictive perfor-
mance on held-out test sets (80/20 split, 5-fold
cross-validation). Results show that combining
NLL with eye-movement features improves correla-
tion with human judgments (Spearman p = 0.337
vs. 0.308 with NLL alone) and explained variance
(R? = 0.125 vs. 0.092). Full metrics are reported
in Appendix F.

5.4 Reward-model-based prediction

Beyond the mixed-effects linear models, we also
explore reward modeling—directly predicting hu-
man preferences (the judgement scores) by adding
a regression head to a language model, a common
practice in the reinforcement learning from human
feedback (RLHF) (Christiano et al., 2017; Ouyang
et al., 2022; Rafailov et al., 2023). Instead of fine-
tuning the whole LLM, we only train a small MLP
on top of frozen LLaMA embeddings.

Experimental setup We adopt a standard pair-
wise preference modeling framework, where the
goal is to assign higher scores to the preferred
text in each pair. The model is trained with a
Bradley—Terry style pairwise loss (Bradley and
Terry, 1952), defined as:

L= —logo(r; — ;)

where 7; and r; are the predicted scores for the pre-
ferred and non-preferred texts, respectively. Each
text is represented by : (i) the final layer hidden
states from the LLaMA model used for NLL com-
putation, reduced from 4096-d to 256-d via PCA
(Reimers and Gurevych, 2019). PCA both miti-
gates overfitting on our small dataset and removes
redundant global variance (Arora et al., 2017; Mu
et al., 2017), but may also discard fluency-related
dimensions. To complement this, (ii) we explic-
itly include the NLL, which directly reflects lin-
guistic predictability and fluency, unlike embed-
dings that primarily capture semantic information
(Hale, 2001; Levy, 2008; Goodkind and Bicknell,
2018). (iii) We further incorporate optional fea-
tures extracted from our eye-movement data - the
same three metrics analyzed in (Section 5): Pixel
Dwelling Time (PDT), Backward Saccade Fre-
quency (BSF), and Fixation Time (FT), combined
with text-based features through a gating layer (Sri-
vastava et al., 2015; Arevalo et al., 2017). The
model is evaluated with 5-fold cross-validation for
robustness.

Main Result Table 4 shows the reward model’s
accuracy in predicting the EXP-score on the strong-
preference subset (EXP € {1,2}) of our data,
which constitutes about 30% of our dataset. We can
see that adding eye-movement features consistently
improves over the text-only baseline (0.601), with
all feature combinations yielding positive gains.
The best configuration (PDT+FT) achieves the
highest Acc. (0.639, p = 0.046), while the joint
(PDT+FT+BSF) setting also shows a significant
gain (p = 0.039), based on bootstrap resampling
(Efron and Tibshirani, 1994). Additional experi-
ments with weak preferences, ties, and a simpler
regression learning objective (Appendix E) show
smaller but consistent gains, confirming the robust-
ness of the effect.

Model Variant Exp-Acc p-value
Baselineembedding+NLL 0.601+0.022 ~
+EYEFr:BsF 0.63240.039 0.102
+EYEppr:BsF 0.6334-0.033 0.057
+EYEPDT+FT+BSF 0.637£0.012 0.039
+EYEppT4FT 0.6394+0.034  0.046

Table 4: Exp-Acc (mean =+ std) on strong-preference
samples, evaluated by 5-fold cross-validation repeated
four times with different random seeds. p-values are
computed via 1,000-sample bootstrap tests against the
text-only baseline.
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5.5 Correlations with other variables

The variable model_name (e.g., Claude-vl, GPT-
3.5-Turbo, GPT-4, LLaMA-13B, Vicuna-13B-v1.2
(Chiang et al., 2023), and Alpaca-13B) shows
strong correlation with MT-scores, and linear mod-
els including it achieve higher R-squared values.
However, since model_name reflects system iden-
tity rather than a mechanistic predictor of text qual-
ity, its inclusion would confound interpretability
by attributing variance to label information rather
than cognitive processing (Gelman and Hill, 2006;
Shmueli, 2010). We therefore exclude model_name
from the main predictive models to control for
model generation capabilities and focusing on cog-
nitive processing indicators.

6 Conclusions

In this study, we introduced the GREAT dataset,
an eye-movement annotated corpus of human sub-
jects reading LLLM-generated texts. The dataset
comprises a comprehensive set of eye-movement
features collected from controlled screen reading
experiments. Our preliminary analysis of the data
demonstrates that eye-movement features, such as
reading time, forward/backward saccades, and fixa-
tion time, are significant predictors of human judg-
ments of text quality. Among these features, the
effect of Pixel Dwelling Time (PDT) is the most
significant — almost the same level as that of the
NLL (surprisal) of texts. The GREAT dataset of-
fers new insights into how readers interact with and
evaluate machine-generated content, highlighting
the potential of including behavioral data such as
eye-movement into the loop of NLG evaluation.

7 Limitations

While all participants in our study were experi-
enced English users with at least a decade of lan-
guage exposure, they were not native speakers in
the strict sense, which may introduce subtle differ-
ences in reading behavior compared to L1 readers.
Additionally, the dataset used in our experiment
is limited in domain scope, which may affect the
generalizability of our findings across different text
types or genres. Our focus on English texts further
narrows the applicability of the results to other lan-
guages, particularly those with distinct linguistic or
orthographic characteristics. The experimental set-
ting, while controlled, may also influence natural
reading behavior; participants read in a lab envi-
ronment with tasks that might not fully replicate
everyday reading conditions. Future work could
address these limitations by including a more di-
verse participant pool, expanding text types and
domains, incorporating multilingual materials, and
considering ecologically valid reading settings to
support more comprehensive insights into eye gaze
behavior.

8 Ethic Statement

All participants in this study were informed of
the research objectives, procedures, and their
rights prior to enrollment. The following princi-
ples guided the ethical conduct of the research:

* Informed Consent Participants provided writ-
ten informed consent after receiving a detailed
explanation of the study, including the use of eye-
tracking technology, the nature of tasks (reading
and rating texts), and the voluntary nature of
their participation. They were advised that they
could withdraw from the study at any time with-
out penalty.

* Confidentiality of Personal Information Per-
sonal data, including names, genders, ages, and
English proficiency details, were anonymized
and stored securely. Access to raw data was
restricted to authorized researchers only. Un-
less explicitly permitted by the participant, no
personally identifiable information (PII) was
shared with third parties. Government author-
ities or ethics review committees could access
de-identified data for regulatory purposes, in ac-
cordance with institutional policies.

* Data Usage and Security Eye-tracking record-
ings, reading time measures, and preference rat-
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ings were used solely for research purposes out-
lined in this study. All data were encrypted dur-
ing storage and transmission. Participant identi-
ties were separated from research data, and only
aggregated, anonymized results were reported in
publications or presentations.

» Participant Obligations Participants were in-
structed to maintain the confidentiality of ex-
perimental materials and procedures. They were
explicitly advised not to disclose details about
the study (e.g., text content, rating criteria) to
third parties to prevent contamination of results.

* Ethical Review This study was conducted in
compliance with the Declaration of Helsinki and
approved by the institutional ethics committee
[insert specific committee name if applicable].
All procedures were designed to minimize poten-
tial risks and maximize the scientific value of the
research. The collected data do not contain any
personal information such as name or personal
ID.

By adhering to these principles, the research
team ensures the protection of participant rights
and maintains the integrity of the study.
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A Details of the experiment

During the calibration phase, calibration points ap-
peared at multiple locations on the display surface,
aligned with the stimulus plane using default set-
tings. To ensure calibration accuracy, we applied
participant-specific adjustments, such as modifying
chair and screen height to align the participant’s
head with the screen center, supplemented by the
device’s built-in mechanisms. The calibration pro-
cess included a data collection phase followed by
an optimization phase, during which the system
calculated deviations between recorded gaze data
and actual calibration targets, adjusting parame-
ters in its internal 3D eye model. A pass/fail test
served as an indicator of calibration quality, which
is inspected by us every time in the display panel,
though not recorded. During the experiment, par-
ticipants interact with a simplified interface to min-
imize distractions and accidental input errors. Cus-
tom keyboard bindings are used:

* Navigation: The left and right arrow keys
move the focus between options.

* Selection: The enter key submits the chosen
option.

During reading tasks, participants were instructed
to remain still and maintain their posture from cali-
bration. Additionally, the chosen text configuration
with a large font size (80px) , font-family(Times
New Roman) and line spacing (40px) defined broad
Areas of Interest (AOIs), which helped tolerate
small gaze deviations due to minor movements. Af-
ter reading each text pair (displayed sequentially),
participants select their preferred option using these
keys. The task is self-paced, with no time limits
or comprehension checks. The figure 3 shows the
experimental interface and sequence.

B Score Bands and Grades from Various
English Proficiency Tests

In summary, level B accounts for the largest pro-
portion of 32.4%, followed by level C and D with
29.7% and 24.3% respectively, and the remaining
level A and E accounts for 5.4% and 8.1%, a dis-
tribution that approximates a normal distribution.
Here we present the score bands and grades Table 5
from various English proficiency tests for reference.
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I feel overwhelmed, scared, and helpless as the deforesters start hacking
away at me. I can feel the cold steel of the axe against my bark, and I can
hear the loud cracking and snapping of the branches as they tear me apart
1 know I am strong, but there is nothing I can do to stop them. All I can do
is stand here and take it, hoping that I will be able to regencrate and live to

see another day.

As an Al language model, I do not have the ability to feel emotions.
However, if I were to imagine myself as a tree, I would feel a sense of fear
and pain as my existence is threatened and my physical body is being
damaged. I would also feel a sense of sadness and loss as I witness the
destruction of my forest home and the displacement of my fellow plant

and animal species. Overall, it would be a devastating and traumatic

experience

Figure 3: Experiment interface. Participants press start to begin reading a text pair, then end to proceed to rating.
Keyboard bindings (left/right arrows and enter) simplify option selection.

level NCEE CET-4 CET-6 IELTS TOEFL
level A/ / / 8+ 105+
level B 140+ 600+ 600+ 7-7.5 90-105
levelC / / 500-600  6-6.5 75-90
level D 130-140  500-600  425-500  5-5.5 60-75
level E 120-130  425-500  / / /

Table 5: Exam type and score levels for different exams.
NCEE: National College Entrance Examination

Proficiency Level Participant Proportion Equivalent Test Scores

A (Advanced) 5.4% IELTS 8+ / TOEFL 105+

B (Upper-Intermediate)  32.4% IELTS 7-7.5 / TOEFL 90-105
C (Intermediate) 29.7% IELTS 6-6.5 / TOEFL 75-90
D (Lower-Intermediate) 24.3% IELTS 5-5.5 / TOEFL 60-75
E (Basic) 8.1% CET-4 425-500

Table 6: English proficiency distribution and equivalent
standardized test scores

C Scan path

Eye movement trajectories during reading were an-
alyzed using the Spatial Temporal-DBSCAN clus-
tering algorithm, which integrates temporal and
spatial thresholds to cluster fixation points and fil-
ter noise. AOIs were defined as bounding boxes
around individual words (with punctuation merged
into preceding words). Mapping fixations to AOIs
revealed:

Figure 4: An example of scanning a path, where a box
represents an Area-of-Interest (AOI). The circles repre-
sent the gaze locations, where a larger circle indicates
a longer fixation time. The red lines represents regres-
sions.

D Metrics of dataset

D.1 Metrics over dataset

Although our experimental (EXP) labels are col-
lected on a subset of MT-bench items, the scoring
scales differ. MT-bench provides absolute quality
ratings based on a fixed rubric, whereas our EXP
scores are relative preference judgments (with val-
ues in 1,1.25,1.5,1.75,2) designed to capture both
strong and weak preferences. Thus, EXP and MT
scores are not directly comparable in magnitude,
but complementary in evaluation perspective. The
figure 5 represents the distributions of attributes
over dataset.

e PDT Distribution: As shown in the figure 5a,
the distribution is unimodal, with a prominent
peak at low PDT values and a long right tail. In
other words, the majority of PDT values clus-
ter in the lower range, and the percentage falls
off sharply beyond the peak. The distribution is
therefore skewed to the right, with the highest
concentration at small PDT values.

* BSF and Saccade Distribution: As shown in
the figure 5b, the BSF distribution is unimodal
with a clear peak at a moderate frequency, and
then drops off rapidly at higher frequencies.
In contrast, the saccade frequency distribution
peaks at a higher frequency but with a smaller
maximum percentage, and it decays more grad-
ually. In summary, BSF frequencies are mostly
concentrated in the mid-range (producing a sharp
peak), whereas saccade frequencies are more
broadly spread with a flatter peak.

* FT, Grading time and Reading time Distri-
bution: As shown in the figure 5c, the reading
time distribution is unimodal, peaking around
19,000 ms and then gradually declining; it spans
a wide range up to the highest time bins, indicat-
ing that some reading durations extend into tens
of seconds. The fixation time distribution is rela-
tively flat and appears to have two modest peaks:
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one near 15,000 ms ( 14%) and another around
21,000 ms ( 15%), suggesting a broad spread of
fixation durations. In contrast, the grading time
distribution is strongly peaked at very short du-
rations: its peak is around 6,000 ms (about 33%)
and it falls off steeply thereafter. This indicates
that most grading has a short duration.

D.2 Metrics over model

The figure 6 represents the distributions of at-
tributes over models. The left subfigure 6a illus-
trates the Negative Log-Likelihood (NLL) dis-
tribution across different language models, which
quantifies the uncertainty of text generation. Key
observations include:

¢ GPT-4’s Predictability: GPT-4 exhibits the nar-
rowest NLL distribution, centered around a mean
of 150 with a small standard deviation (¢ = 25).
This indicates that GPT-4 generates text with
consistently high predictability, aligning with its
reputation for producing coherent and contextu-
ally stable outputs.

* Claude-v1’s Variability: Claude-v1 displays a
skewed NLL distribution with a higher mean
(220) and larger o (80). The presence of frequent
high-NLL values indicates that its generated text
often contains unpredictable or less coherent seg-
ments. This variability may stem from Claude-
v1l’s approach to generating more creative or
diverse content, which can occasionally lead to
linguistic discontinuities.

* LLaMA-13B and Alpaca-13B: These open-
source models show broader NLL distributions
compared to GPT-4 but are more concentrated
than Claude-v1. The higher NLL values (relative
to GPT-4) suggest greater lexical uncertainty,
which may reflect their smaller training datasets
or less refined fine-tuning.

The right subfigure 6b compares the MT-score
scores (1.0-2.0) with the experimental rating
scores (EXP, 1.0-2.0), providing insights into hu-
man preference alignment across models:

* GPT-3.5-Turbo’s Dominance: GPT-3.5-Turbo
has the largest number of texts and a balanced
distribution across MT-score scores, with a high
proportion of MT-score=2.0 (50%) and EXP =
2.0 (45%). This suggests strong alignment be-
tween automated MT-score scores and human

judgments, likely due to its ability to generate
fluent, task-relevant responses. The concentra-
tion of EXP scores at 1.75-2.0 highlights its
popularity among participants, possibly driven
by its optimal balance of readability (low NLL)
and informativeness (moderate surprisal).

¢ GPT-4’s Uniform Quality: GPT-4 has fewer
texts but exhibits a uniform distribution of MT-
score and EXP scores, with 50% rated MT-
score=2.0 and no scores below MT-score=1.5.
This reflects its consistent high quality, as hu-
man raters rarely deemed its outputs subpar.

* LLaMA-13B’s Lower Performance: LLaMA-
13B shows a dominance of low scores (MT-
score=1.0: 60%), indicating poor human prefer-
ence. This correlates with its higher NLL values,
suggesting that less predictable text structure
leads to increased cognitive effort (e.g., longer
Fixation Time) and lower perceived quality.

* Model-Specific Trends: Vicuna-13B-v1.2 and
Alpaca-13B show moderate performance, with
MT-score=1.5 as their modal score. Their EXP
distributions are slightly skewed toward higher
values, suggesting that fine-tuning on instruction-
following tasks improves readability compared
to base models like LLaMA-13B.

Cross-Figure Insights

* Correlation Between NLL and Human Rat-
ings: Models with lower NLL (e.g., GPT-4)
generally receive higher EXP scores, support-
ing the hypothesis that token-level predictability
contributes to perceived quality. However, the
combination of NLL and eye-tracking metrics
(e.g., PDT, BSF) in Model Mgyg+niL (Table 3)
demonstrates that gaze data adds unique explana-
tory power beyond linguistic features alone.

* Implications for LLM Evaluation: The fig-
ures underscore the value of incorporating eye-
tracking into LLM assessment. For example,
Claude-v1’s high NLL variability may not be
fully captured by traditional metrics, but eye-
movement patterns (e.g., inconsistent fixation
durations) can reveal hidden weaknesses in text
flow.

By integrating quantitative NLL distributions
with qualitative human ratings, these figures pro-
vide a comprehensive view of how model archi-
tecture influences both linguistic predictability and
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Figure 5: The distributions of attributes over models.
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(b) The distribution of MT-Bench score (values of 1.0, 1.5,
2.0) and actual rating score on dataset (the exp values of 1.0,
1.25, 1.5, 1.75, 2.0).

Figure 6: The distributions of attributes over models.

reader experience, reinforcing the necessity of mul-
timodal evaluation frameworks like GREAT.

E Reward Model Additional Experiment

Table 7 reports reward-model performance when
training on all samples, including weak preferences
(exp = 1.25 or 1.75) and ties (exp = 1.5). We com-
pare two training objectives: (i) pairwise loss and
(ii) regression with continuous labels.

For pairwise training, we extend the standard
Bradley-Terry loss to handle tie cases. Specifically,
for non-tie pairs, we use the standard objective

£pair = - loga(ri - Tj)

where r;,r; are the predicted scores for the two
texts and o is the sigmoid function. For ties (exp =
1.5), we adopt a soft constraint that encourages the
two predictions to be close:

Lie = |Ti - Tj|
with a = 0.5. The final hybrid loss is:
L= (1 - ]-tie) : Epair + Lie - Liie
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where 1. = 1 if the pair is labeled as a tie, and
0 otherwise. This design treats ties as a soft con-
straint, preventing the model from enforcing an
arbitrary ordering while still utilizing these sam-
ples.

We report three metrics: (a) Exp-Ace, overall
agreement with experimental preference scores;
(b) Strong-Acc, restricted to strong-preference
pairs (exp = 1 or 2); and (c) Weak-Acc, restricted
to weak-preference pairs (exp = 1.25,1.5, 1.75).
Weak-Acc is particularly challenging, since these
labels reflect subtle and less consistent preferences.
For both strong and weak subsets, accuracy is com-
puted based on the direction of the predicted pref-
erence (i.e., which text is rated higher), while ties
(exp = 1.5) are treated as correct if the predicted
score difference falls within a small margin.

Across both objectives, gaze features yield
small but consistent gains ~ +0.58-1.2 points)
over the text-only baseline. In the pairwise
setup, the combined gaze feature set (PDT+BSF)
achieves the best overall performance accuracy



(Exp-Acc = 0.517 vs. 0.505 baseline) , while
the combined gaze feature set (PDT+FT+BSF)
achieves the best strong-preference performance
accuracy (StrongAcc = 0.654 vs. 0.622 baseline).
A bootstrap significance test (1,000 iterations) con-
firms this improvement to be statistically reliable
(p = 0.011, 95% CI: [0.004, 0.060]), indicating
that gaze features provide complementary cues to
textual signals even under noisy supervision.

For the regression objective, the BSF+FT gaze
combination yields the largest gain on overall
pairs (Exp-Acc = 0.497 vs. 0.480 baseline), while
the PDT+FT gaze combination yields the largest
gain on weak-preference pairs (WeakAcc = 0.437
vs. 0.414 baseline), also statistically significant
(p = 0.024, 95% CI: [0.000, 0.047]). This sug-
gests that gaze information is especially useful for
modeling subtle or uncertain human judgments,
where text-only representations provide limited dis-
crimination.

This suggests that regression can leverage contin-
uous labels when judgments are uncertain, whereas
pairwise loss is more stable for clear preference
cases. Although overall improvements are smaller
than in strong-preference cases, the consistent trend
across feature combinations demonstrates that gaze
signals are robust even under noisier supervision.

Model Variant Exp-Acc Strong-Acc Weak-Acc
Pairwise
BaselineempeddingsNLL ~ 0.505£0.005  0.622+0.014  0.451+0.001
+GazeppT+FT+BSF 0.5154+0.023 0.654+0.015 0.454+0.028
+GazeppT+FT 0.513+0.016 0.632+0.007 0.459+0.023
+Gazerr4BsF 0.5164+0.005 0.639+0.007 0.461+0.006
+Gazeppr+BSF 0.5174+0.009 0.641£0.008 0.462+0.012
Regression
BaselineempeddingsNLL ~ 0.480£0.007  0.628+0.021  0.414+0.004
+GazZeppT+FT+BSF 0.483+0.004 0.615+0.010 0.425+0.004
+Gazeppr+Fr 0.496+0.010  0.620+0.006 0.437+0.015
+Gazepr4BsF 0.4974+0.013  0.649+0.021 0.429+0.013
+Gazeppr+BSF 0.4924+0.007 0.643+0.031 0.424+0.014

Table 7: Reward-model performance trained on all sam-
ples, including weak preferences and ties. Each model is
evaluated using S-fold cross-validation repeated three
times with different random seeds, and mean =+ standard
deviation are reported. Exp-Acc measures overall agree-
ment with experimental preference scores, Strong-Acc
corresponds to strong-preference pairs (exp € {1,2}),
and Weak-Acc covers weak-preference and tie pairs
(exp € {1.25,1.5,1.75}). Gaze features provide consis-
tent, statistically significant improvements, particularly
in strong and weak subsets.

F Held-out

To complement the mixed-effects regression anal-
ysis, we conducted a held-out evaluation using an
80/20 split with 5-fold cross-validation. Models
were trained with NLL, eye-movement features
(EYE), and their combination (NLL+EYE). Table 8
reports results across multiple metrics (RMSE,
MSE, Spearman correlation, RQ). We observe that:
NLL alone provides a modest predictive signal,
consistent with surprisal-based accounts of reading
difficulty. Eye-movement features alone achieve
comparable performance, indicating that gaze car-
ries independent information about text quality.
The combination (NLL+EYE) yields the best per-
formance across all metrics, with the largest gain in
Spearman correlation (0.337) and R? (0.125). Al-
though the improvements are moderate, they con-
sistently demonstrate that gaze provides comple-
mentary predictive value beyond NLL.

Model CVRMSE Spearman Correlation  R? MSE
NLL 0.455 0.308 0.092  0.199
EYE 0445 0.229 0.082  0.202
NLL+EYE 0.442 0.337 0.125 0.192

Table 8: Held-out predictive performance (80/20 split,
5-fold CV). Combining eye-movement features with
NLL improves correlation and explained variance.
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