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Abstract

Comprehensively interpreting human behavior is a core chal-
lenge in human-aware artificial intelligence. However, prior
works typically focused on body behavior, neglecting the
crucial role of eye gaze and its synergy with body motion.
We present GazeInterpreter – a novel large language model-
based (LLM-based) approach that parses eye gaze data to
generate eye-body-coordinated narrations. Specifically, our
method features 1) a symbolic gaze parser that translates
raw gaze signals into symbolic gaze events; 2) a hierarchical
structure that first uses an LLM to generate eye gaze narration
at semantic level and then integrates gaze with body motion
within the same observation window to produce integrated
narration; and 3) a self-correcting loop that iteratively refines
the modality match, temporal coherence, and completeness of
the integrated narration. This hierarchical and iterative pro-
cessing can effectively align physical values and semantic
text in the temporal and spatial domains. We validated the
effectiveness of our eye-body-coordinated narrations on the
text-driven motion generation task in the large-scale Nymeria
benchmark. Moreover, we report significant performance im-
provements for the sample downstream tasks of action an-
ticipation and behavior summarization. Taken together, these
results reveal the significant potential of parsing eye gaze to
interpret human behavior and open up a new direction for hu-
man behavior understanding.

Code — zhiminghu.net/chang26 gazeinterpreter

Introduction
Comprehensively interpreting human behavior is a founda-
tional challenge in human-aware artificial intelligence. A ro-
bust understanding of human behavior underpins many criti-
cal applications, including human motion generation (Zhang
et al. 2022; Yan et al. 2024), human intention recogni-
tion (Hu et al. 2022; Belardinelli et al. 2022), proactive ac-
tion anticipation (Hu et al. 2024c,a), and efficient behavior
summarization (Zhang et al. 2025). With the recent success
of large language models (LLMs), researchers have begun
leveraging them to generate natural language explanations
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of human behavior, making notable progress in interpreting
body motion (Jiang et al. 2023; Chen et al. 2024).

However, a crucial modality is largely overlooked in this
new paradigm: human eye gaze. As a powerful non-verbal
cue, eye gaze is not only a direct window into human in-
tention (Hu et al. 2022; Belardinelli et al. 2022) but is also
intrinsically correlated with body motion (Hu et al. 2024b;
Sidenmark and Gellersen 2019). For instance, when a per-
son intends to grasp a cup, their eyes typically fixate on
it just before or during the arm’s movement. Despite this,
prior works (Kong and Fu 2022; Chang et al. 2025) have
predominantly focused on interpreting body behavior in iso-
lation, neglecting the potential information conveyed by eye
gaze and its synergistic relationship with body motion. This
omission results in a significant gap, leaving interpretations
of human behavior incomplete and less robust.

To fill this gap, we present GazeInterpreter – a novel
LLM-based framework that parses eye gaze data to generate
comprehensive eye-body-coordinated narrations, integrating
human potential intentions and fine-grained motion features.
Specifically, we first introduce a symbolic gaze parser that
converts raw eye gaze signals into symbolic gaze events
that serve as input to the LLM. Then, a hierarchical struc-
ture composed of multiple LLMs generates eye gaze nar-
rations from gaze events, and these narrations are semanti-
cally integrated with body motion narrations, producing eye-
body-coordinated narrations. To ensure alignment between
narrations and reality, we further present a self-correcting
loop that iteratively refines the continuity of the gaze nar-
rations and the modality match, temporal coherence, and
completeness of the integrated narrations by an LLM-driven
evaluation-feedback mechanism.

We extensively evaluate our method for text-driven mo-
tion generation on the large-scale, in-the-wild Nymeria
benchmark (Ma et al. 2024). Experiments show that our eye-
body-coordinated narrations lead to superior performance
for generating motions. Furthermore, we validate the ef-
fectiveness of our narrations on representative downstream
tasks of action anticipation and behavior summarization,
demonstrating the advantages of our approach in compre-
hensive human behavior interpretation.

The contributions of our work are three-fold:

• We propose GazeInterpreter – a novel LLM-based
framework for interpreting gaze behavior that features a
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Figure 1: GazeInterpreter is a novel method for interpreting gaze behavior that first parses raw gaze signals to a textual narration
(Left) and then integrates gaze with body motion to generate eye-body-coordinated narration (Middle). The integrated narration
provides a superior basis for interpreting human behavior (Right).

symbolic gaze parser to convert raw gaze signal, a hierar-
chical structure to integrate gaze with body motion, and
a self-correcting loop for refinement.

• We conduct extensive experiments on the large-scale
Nymeria benchmark and demonstrate that our narrations
can significantly improve performance in text-driven mo-
tion generation.

• We demonstrate the broad applicability of our method
by significantly enhancing performance on the sample
downstream tasks of action anticipation and behavior
summarization.

Related Work
Human Behavior Interpreting
Comprehensively interpreting human behavior is a crucial
topic in the areas of human-centered computing and human-
aware artificial intelligence. Earlier works typically focused
on rule-based techniques to interpret human behavior (Pons-
Moll, Fleet, and Rosenhahn 2014; Delmas et al. 2022). For
example, Pons-Moll et al. manually set rules on joint dis-
tance, articulation angle, and relative position to describe
relationships between body parts (Pons-Moll, Fleet, and
Rosenhahn 2014) while Delmas et al. defined a set of rules
on the 3D keypoints to generate the description of full-body
pose (Delmas et al. 2022). Recently, with the great success
of LLMs, many researchers have started to interpret human
behavior directly using LLMs (Jiang et al. 2023; Chen et al.
2024). Specifically, Jiang et al. proposed a uniform motion-
language model to link human body motion with natural lan-
guage (Jiang et al. 2023) while Chen et al. projected human
body motion and video data into the linguistic space to gen-
erate better narrations of human body behavior (Chen et al.
2024). However, prior works mainly focused on interpreting
human body behavior, neglecting the human eye gaze.

Eye Gaze Analysis
Analyzing human gaze behavior has been a popular topic
in the area of vision research for decades (Yarbus 1967;
Itti, Koch, and Niebur 1998; Chen, Jiang, and Zhao 2024).
Prior works typically focused on hand-crafted statistical
indicators of gaze behavior such as gaze velocity (Hu et al.
2019; Kothari et al. 2020), gaze distribution (Sitzmann et al.
2018; Hu et al. 2019; Hadnett-Hunter et al. 2019), saccade
amplitude (Hu et al. 2019; Hadnett-Hunter et al. 2019; Hu

et al. 2020), fixation number (Coutrot, Hsiao, and Chan
2018; Hu et al. 2022), fixation duration (Hadnett-Hunter
et al. 2019; Kothari et al. 2020; Hu et al. 2022), fixation
dispersion (Coutrot, Hsiao, and Chan 2018; Hu et al. 2022),
and fixation clusters (Coutrot, Hsiao, and Chan 2018;
Hu et al. 2021). However, these hand-crafted statistical
indicators are cumbersome to compute, provide only limited
information, and lack explainability. In stark contrast,
in this work, we directly convert raw gaze signals into
natural language narrations that can effectively improve the
understanding of eye gaze behavior.

Eye-Body Coordination
Many researchers have investigated the coordination of
human eye gaze and their body movements. Specifically,
Kothari et al. discovered the coordinated patterns of eye
and head movements during daily activities (Kothari et al.
2020) while Hu et al. examined virtual environments and
revealed the eye-head coordination during free-viewing and
task-oriented situations (Hu et al. 2019, 2020, 2021, 2025).
Sidenmark et al. analyzed the gaze shift process in virtual re-
ality and identified the coordination of eye, head, and torso
movements (Sidenmark and Gellersen 2019). Hu et al. fur-
ther revealed the strong correlation between eye gaze and
human full-body movements in various daily activities (Hu
et al. 2024b). Inspired by the close link between eye gaze
and body movements, in this work, we integrate eye gaze
narrations with body motion narrations to improve human
behavior understanding.

Method
Problem Formulation
We define interpreting eye gaze behavior as the task of
generating comprehensive eye-body-coordinated narrations
from eye gaze signals and body motion narrations. For a
given time segment i, we define the input as a multi-modal
tuple Oi = (Sg

i , S
m
i ), where Sg

i ∈ RNg×2 represents the raw,
continuous gaze signal, composed of Ng samples of yaw and
pitch coordinates. Concurrently, Sm

i = (m1, . . . ,mNm) is
a sequence of Nm discrete atomic body motion narrations
from a predefined set M. Our objective is to learn a map-
ping F : (RNg×2,MNm) → T , which generates a textual
narration T̂i ∈ T that not only captures overt eye-body ac-
tions but also facilitates human behavior understanding.
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Figure 2: Architecture of GazeInterpreter. Our method first uses a symbolic gaze parser to convert raw gaze signals into sym-
bolic events and then employs an LLM to generate textual narration (Phase 1), which is further integrated with body motion
narration in an observation window to produce the eye-body-coordinated narration (Phase 2). A self-correcting loop is applied
to iteratively refine both the gaze and integrated narration, ensuring feature alignment across different dimensions (Phase 3).

A fundamental challenge in this task is to bridge the
semantic gap between low-level, numerical gaze sensor data
and the high-level, abstract concepts needed for compre-
hensive behavior understanding. The core research question
is: How can we reliably transform noisy, continuous gaze
signals Sg into a structured, semantic representation that
facilitates faithful multi-modal reasoning?

While recent approaches have explored direct numerical-
to-text conversion using LLMs (Wang et al. 2024) or
employed auxiliary techniques like contrastive learn-
ing (Chang and Tong 2024), such end-to-end methods
remain susceptible to common pitfalls, including factual
hallucination and a failure to robustly ground the generated
text in the source signals (Xu et al. 2025). To address
these limitations, we propose to first abstract low-level
raw gaze data into an intermediate symbolic vocabulary of
gaze events, providing a reliable basis for motion fusion.
This numerical-to-symbolic conversion contributes to the
generation of more robust behavioral descriptions.

Framework Overview
To address the formulated problem, we propose GazeIn-
terpreter – a novel hierarchical coarse-to-fine LLM-based
method that transforms raw low-level gaze signals into high-
level, interpretable narrations through three phases: parsing
raw gaze to textual narration, integrating eye gaze with body
motion, and self-correcting loop, as depicted in Fig. 2. In the
first phase, our method parses the raw gaze signal into a se-
quence of structured symbolic gaze events and then applies
an LLM to generate texture narrations of these structured
gaze events. Benefiting from the results of the first phase, we
can align eye gaze narrations with atomic body motion nar-
rations in the semantic space during the next phase and syn-
thesize eye-body-coordinated narrations. In the third phase,
our method applies a self-correcting loop to iteratively refine
both the gaze narrations and the integrated narrations based
on explicit quality criteria.

This decomposed, hierarchical coarse-to-fine architecture
is central to our contribution. It ensures that the generated
narrations are not only robustly grounded in observable sen-
sor data but are also contextually holistic. By design, this
approach overcomes the factual inconsistency and local in-
coherence that often plague monolithic, end-to-end mod-
els (Lee et al. 2023; Yan et al. 2023), leading to more faithful
and useful representations of human behavior.

Phase 1: Parsing Raw Gaze to Textual Narration
The first phase of GazeInterpreter is parsing raw gaze to
textual narration, designed to bridge the gap between raw,
continuous sensor readings and a discrete, semantic repre-
sentation. Directly interpreting noisy numerical data with
LLMs poses significant grounding challenges, often leading
to factual inconsistencies (Bommasani et al. 2021; Lee et al.
2023). To circumvent this, we adopt a two-step approach
that decomposes the problem into deterministic symbolic
parsing followed by conditioned language synthesis.

Symbolic Gaze Parser. This initial step is a determinis-
tic module that extracts a vocabulary of fundamental gaze
events from the raw signal. For a given segment i, the raw
gaze signal Sg

i ∈ RNg×2 consists of a sequence of Ng times-
tamped coordinates, which we denote as {(tj , yj , pj)}

Ng

j=1

where (yj , pj) corresponds to the yaw and pitch values.
The parser maps this numerical sequence Sg

i into a struc-
tured sequence of M symbolic event primitives Ei =
(e1, e2, . . . , eM ). Specifically, we first computed the instan-
taneous angular velocity ωj for each point j:

ωj =

√
(yj − yj−1)2 + (pj − pj−1)2

tj − tj−1
. (1)

We then follow the established Identification-by-Velocity-
Threshold (I-VT) algorithm (Salvucci and Goldberg
2000), which used a two-threshold classification scheme
to segment the signal into a vocabulary of primitives,

17412



Type Dimesion High Low
Gaze Continuity 5: Perfect gaze transitions with natural flow. 0: Contains abrupt, illogical, or disjointed event descriptions.

Integrated
Match 5: Mutually supportive integration of modalities. 0: Modalities are disconnected, redundant, or contradictory.

Temporal 5: Clear, logical, chronological progression. 0: Lacks a discernible temporal structure or causal flow.
Completeness 5: Fully includes all key elements and actions. 0: Essential information or key behavioral events are omitted.

Table 1: Scoring rubric for the multi-dimensional narration evaluation.

V = {Fixation, Saccade, SmoothPursuit}, based on
whether ωj falls below a low threshold vlow or exceeds a
high threshold vhigh. Each resulting primitive em ∈ Ei is
a rich data object, encapsulating not only its class from
V but also quantitative attributes (e.g., duration, ampli-
tude, peak velocity) and their corresponding qualitative
descriptors (e.g., duration label: “Brief”). This process
abstracts the noisy, high-dimensional signal into a compact,
machine-readable symbolic representation.

Symbolic-to-Text Synthesizer. The second step leverages
an LLM to translate the sequence of gaze symbolic events
Ei into a coherent textual narration, T g

i . The module’s ob-
jective is to generate this narration by modeling the condi-
tional probability P (T g

i |Ei). We operationalized this by first
serializing the sequence of event objects Ei into a descrip-
tive string, which is then embedded within a carefully engi-
neered few-shot prompt (Kojima et al. 2022). By condition-
ing the generative process on this structured symbolic input,
we fundamentally change the nature of the task for the LLM.
Instead of performing risky inference from raw numbers, the
model is constrained to a factual translation task: converting
a symbolic, verifiable account of behavior into fluent natu-
ral language. This ensures the resulting gaze narration is not
only descriptive but also verifiably accurate with respect to
the underlying physical measurements.

Phase 2: Integrating Eye Gaze with Body Motion
The first phase produces a continuous stream of gaze nar-
rations that remain faithful to the raw signal but are frag-
mented and lack explanatory depth. Thus, the core chal-
lenge is moving from narration to holistic interpretation.
Leveraging the strong coupling between gaze and body mo-
tion (Hu et al. 2024b), the second phase integrates gaze
narration with atomic body narration to generate a unified,
eye–body–coordinated description of human behavior.

Historical Context for Coherence. Human behavior
exhibits temporal coherence (Wei et al. 2022). To model
this dependency, we use a sliding observation window to
aggregate the historical context Hi. Formally, Hi adopts
dictionary format, primarily consisting of two parts: (i) W
segments of integrated narrations previously inferred by
our pipeline and (ii) feedback content obtained from the
last round of self-correcting (Phase 3). Additional scene
metadata (e.g., location, focus, etc.) can be included when
data is available. Hi is updated in each iteration, efficiently
preserving the necessary context and providing a solid
foundation for the model to gain insights into temporal
coherence and causal relationships.

Algorithm 1: Self-Correcting Loop

Require: Initial narration T̂ (0), max iterations Kmax, score
thresholds τ

Ensure: A refined, high-quality narration T̂ ∗

1: T̂ ∗ ← T̂ (0)

2: for k = 0 to Kmax − 1 do
3: (s(k), ϕ(k))← LLMeval(T̂

(k))

4: if all components s(k)j ≥ τj then
5: return T̂ (k)

6: end if
7: T̂ (k+1) ← LLMrefine(T̂

(k), ϕ(k))

8: T̂ ∗ ← T̂ (k+1)

9: end for
10: return T̂ ∗

Eye-Body-Coordinated Narration Synthesis. Then, we
can integrate narrations of eye movements and body mo-
tions using LLM. For each segment i, the LLM conditions
its generation on both the textual gaze narration T g

i from the
first phase of our pipeline and the corresponding sequence of
atomic body motion narration Sm

i . The objective is to model
the conditional probability P (T̂i | T g

i , S
m
i ,Hi), where Hi

represents the historical context to ensure temporally coher-
ent. We first carefully designed a structured prompt template
Πinteg(i) to fill in all the above information:

Πinteg(i) = [CTX : Hi; GAZE : T g
i ; MOTION : Sm

i ]. (2)

Here, special tokens such as CTX: and GAZE: act as ex-
plicit delimiters. This structured formatting is crucial as it
guides the LLM to differentiate between historical context,
observed gaze behavior, and concurrent body actions, thus
facilitating more precise multi-modal reasoning. By condi-
tioning on this structured input, the LLM’s task extends be-
yond mere summarization to active reasoning. For instance,
it learns to associate a gaze shift described in T g

i with a “user
is walking” description in Sm

i to infer the holistic action:
“The user carefully scans the ground while walking.”

The final integrated eye-body-coordinated narration T̂i for
the current segment is then generated as:

T̂i = argmax
T∈T

P (T | Πinteg(i)). (3)

This mechanism ensures that the resulting narration is not
only grounded in the current observation but also logically
consistent with preceding actions.
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Scene Type Method MM Dist↓ FID↓ Top-1↑ Top-2↑ Top-3↑ MM↑

Low-level MotionGPT 6.748±.098 7.458±.322 0.052±.002 0.126±.003 0.187±.004 3.469±.051

MotionGPT† 6.406±.053 6.801±.241 0.102±.002 0.153±.003 0.214±.003 3.727±.044

High-level MotionGPT 7.133±.033 8.804±.142 0.054±.002 0.123±.002 0.162±.005 3.223±.024

MotionGPT† 6.862±.025 8.134±.323 0.062±.001 0.127±.003 0.193±.004 3.864±.017

All MotionGPT 6.941±.056 8.131±.304 0.053±.003 0.124±.003 0.175±.004 3.346±.036

MotionGPT† 6.634±.042 7.468±.277 0.082±.004 0.140±.005 0.204±.005 3.796±.028

Table 2: Comparison of different input types in text-driven motion generation tasks. We fix the generation model weight and
evaluate the effect of different text inputs. † indicates using our eye-body-coordinated narrations as input.

Type Train Set Simil.↑ BERT F1↑ ROUGE-L↑ Action F1↑

Low Nymeria 0.525 0.869 0.241 0.281
GazeInterpreter 0.575 0.877 0.276 0.294

High Nymeria 0.393 0.866 0.163 0.171
GazeInterpreter 0.436 0.881 0.186 0.201

All Nymeria 0.459 0.868 0.202 0.226
GazeInterpreter 0.506 0.879 0.231 0.248

Table 3: Comparison of baselines in action anticipation
tasks. Simil. indicates Cosine Similarity.

Phase 3: Self-Correcting Loop
The output of LLM may fail to emphasize the most salient
behavioral cues and suffer from hallucinations (Li et al.
2024). We therefore introduce a final self-correcting loop.
Unlike generic feedback mechanisms that apply superficial
edits (Nacke et al. 2011), our loop iteratively evaluates and
refines the narration across key quality dimensions, ensur-
ing suitability for downstream tasks requiring a deep under-
standing of human behavior.

Multi-Dimensional Narration Evaluation. The self-
correcting loop is driven by a specialized LLMeval. Inspired
by (Han et al. 2025), we tailor the criteria to the specific di-
mensions of each narration type. For gaze narration, the key
dimension is Continuity, as natural gaze behavior unfolds as
a continuous event stream (Yin et al. 2024). This ensures
the narration reflects coherent transitions between actions
rather than isolated events. For integrated narration, evalu-
ation considers three factors: (i) Modality Match, assessing
whether gaze and body actions are synergistic and contextu-
ally aligned; (ii) Temporal Coherence, ensuring the narration
follows a logical chronological flow; and (iii) Completeness,
verifying that all critical behavioral events are retained.

Based on these dimensions, the output of LLMeval is
twofold: a structured score vector s that quantifies quality,
and a textual critique ϕ that provides targeted feedback for
improvement. The specific scoring rubrics that guide this as-
sessment are detailed in Table 1. This approach ensures the
evaluation process is transparent, replicable, and provides
fine-grained diagnostics for refinement.

Threshold-Governed Iterative Refinement. The refine-
ment process, detailed in Algorithm 1, is structured as a
collaborative loop between two specialized LLMs: LLMeval
and LLMrefine. The loop iterates until the narration’s quality,

Type Train Set Simil.↑ BERT F1↑ ROUGE-1↑ ROUGE-L↑

Low Nymeria 0.564 0.851 0.228 0.174
GazeInterpreter 0.583 0.860 0.283 0.219

High Nymeria 0.395 0.820 0.165 0.126
GazeInterpreter 0.490 0.859 0.175 0.133

All Nymeria 0.480 0.836 0.197 0.150
GazeInterpreter 0.537 0.860 0.575 0.229

Table 4: Comparison of baselines in behavior summarization
tasks. Simil. indicates Cosine Similarity.

measured by a score vector s, meets or exceeds a predefined
threshold vector τ . In each iteration k, LLMeval first assesses
the current narration T̂ (k) to generate both the scores s(k)

and a textual critique ϕ(k). If these scores are insufficient,
LLMrefine then uses the original narration and the critique to
produce an improved version T̂ (k+1).

This self-correcting loop iteratively filters out noise and
redundancy based on set criteria, ensuring that narration cor-
rectly reflects facts and ultimately provides a comprehensive
overview of human behavior.

Experiments and Results
Our experimental validation is twofold. We first assess the
descriptive fidelity and effectiveness of our integrated narra-
tions via a text-driven motion generation task. Subsequently,
we demonstrate their utility for higher-level human behavior
understanding on the downstream tasks of action anticipa-
tion and behavior summarization.

Implementation Details
Dataset. The Nymeria dataset (Ma et al. 2024) is cur-
rently the only public source of synchronized gaze and
motion narrations. As the largest human motion dataset
with 300 hours of daily activities, its scale allows robust
tests. To facilitate a comprehensive analysis of our method’s
capabilities, we follow the EgoCHARM (Padmanabha
et al. 2025) to categorize the 236 sequences with motion
narration annotations into two subsets: high-level activities,
which involve complex, goal-oriented interactions (e.g.,
housekeeping), and low-level activities, which consist of
simple, atomic movements (e.g., walking). This division
allows us to specifically test our approach’s performance on
tasks with varying degrees of behavioral complexity.
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Raw: “The human is leaning forward and 
facing the whiteboard."

Ours: “The human, leaning forward and 
rotating to face the whiteboard, glances 
down before scanning left towards it. A shift 
to the lower right focuses his attention on 
the whiteboard area. He then glances at his 
peer, marker, and sofa, seemingly planning 
his presentation setup."

Raw Ours

Raw: "The human is walking on the path."

Ours: “ The human, walking on the path, 
carefully inspected it. He glanced down-left, 
then scanned upwards and laterally, checking 
for obstacles. After focusing on the bottom 
area, his gaze returned lower, ensuring a safe 
and even footing as he walked, carefully 
navigating the pathway."

Raw Ours

Raw: " The human is standing straight in front of 
the window while closing down the curtain."

Ours: " The human, standing straight, 
continues closing the blinds, his gaze 
intently following the descending curtain. 
He scan the lower area, then consistently 
return their gaze downward, confirming 
full closure."

Raw Ours

Figure 3: Qualitative comparison for text-driven motion generation on our integrated narrations versus raw atomic body narra-
tions, including examples from both low-level scenes (e.g., walking) and high-level scenes (e.g., housework).

Implementation Specifics. All LLM-based modules in
our framework utilize the Gemini-2.5-Flash model (Co-
manici et al. 2025), guided by a few-shot, in-context learn-
ing strategy (Comanici et al. 2025). For the symbolic gaze
parser, we follow general guidelines (Salvucci and Gold-
berg 2000) to set the I-VT velocity thresholds to vlow =
30◦/s and vhigh = 100◦/s. For integrating gaze and body
motion, the size of the sliding window is set to W = 2, and
the self-correcting loop runs for a maximum of Kmax = 3
iterations with a score threshold of τ = 4.5. For more de-
tails about LLM prompts and parameters, please refer to our
supplementary materials and source code.

Evaluation Metrics. We follow the same metrics as (Lin
et al. 2023) to ensure a comprehensive evaluation in the
text-driven motion. We assess the alignment between
text and motion using Multimodal Distance (MM Dist),
which measures the average feature space distance, and
R-Precision (Top-k), which evaluates retrieval accuracy. The
realism of the generated motions is measured by the Frechet
Inception Distance (FID), which reflects their distributional
similarity to real motions. Finally, we evaluate generation
diversity using Multimodality (MM), which quantifies the
variation among different motions produced from the same
text prompt.

Main Experiments
Experiment Setup. Following Motion-X (Lin et al.
2023), we fix the weights of the motion generation model,
using the atomic motion narration provided by Nymeria
and the integrated narration obtained through our method to
drive the model in generating motion sequences, and finally
measuring the advantages of our narrations using a wide
range of metrics. We choose the popular MotionGPT (Jiang
et al. 2023) model as the motion generation baseline. More-
over, we follow the commonly used feature extractor (Guo
et al. 2022) as the basis for calculating FID metrics.

Quantitative Results. When the MotionGPT baseline
weights are fixed, Table 2 shows that narrations from
GazeInterpreter significantly outperform the atomic body
narrations provided by Nymeria across all metrics. Notably,
this advantage is pronounced on low-level activities, where
our method substantially reduces the FID from 7.458 to
6.801. This suggests that the factually-grounded details in
our narrations provide a superior conditioning signal for
generating precise, atomic motions. The performance gains
persist for complex high-level scenes, where GazeInterpreter
continues to yield lower distribution distances and higher
matching scores. These findings validate that our eye-body-
coordinated narration is effectively grounded in physical be-
havior and leads to higher-fidelity motion synthesis.

Qualitative Results. The qualitative results in Fig. 3
vividly demonstrate the superior fidelity of motions gener-
ated from our narrations compared to those from atomic
body narrations of Nymeria. By capturing the subtle in-
terplay between gaze and physical action, our eye-body-
coordinated narration provides crucial contextual richness.
This allows the synthesis model to generate actions that are
not only more natural and detailed but also more aligned
with potential human intentions, providing a solid founda-
tion for a comprehensive explanation of human behavior.

Downstream Tasks Experiments
To demonstrate the advantage of our integrated narrations in
comprehensively understanding human behavior, we eval-
uate their performance on two representative downstream
tasks: action anticipation (Hu et al. 2024c,a,d) and behav-
ior summarization (Zhang et al. 2025). For both tasks, we
follow (Zhang et al. 2019) to employ a comprehensive suite
of metrics to assess the generated text. Semantic fidelity is
measured by Cosine Similarity and BERTScore F1, while
structural coherence and lexical accuracy are evaluated us-
ing ROUGE (1/L) and a keyword-based Action F1 Score.
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Module MM Dist ↓ FID ↓ Top-1 ↑

w/o Structure 8.135±.076 9.124±.442 0.059±.005

w/o Parser 7.642±.060 7.893±.459 0.061±.005

w/o Loop 7.425±.066 7.831±.344 0.063±.004

Ours 6.634±.042 7.468±.277 0.082±.004

Table 5: Ablation studies for Hierarchical Structure, Sym-
bolic Gaze Parser, and Self-Correcting Loop.

Action Anticipation Results. To evaluate the predictive
power of our narrations, we perform an action anticipation
task where the goal is to generate a textual description of
the next action based on the current context. We employ
a frozen Gemini-2.5-Flash model as a zero-shot predictor,
providing it with either the original Nymeria atomic motion
narrations or our integrated narrations as input. As shown in
Table 3, using the narrations from our method leads to a sig-
nificant improvement in prediction performance across all
metrics. In all cases, our method boosts the cosine similarity
of predictions from 0.459 to 0.506 and the keyword-centric
Action F1 score from 0.226 to 0.248. This striking result
suggests that by systematically integrating multi-modal cues
like gaze, our generated narration encapsulates more predic-
tive, intent-rich information than the human-annotated text
alone. This advantage holds for both simple low-level and
complex high-level scenarios, demonstrating the potential
for uncovering human intentions.

Behavior Summarization Results. This task requires
generating a high-level behavior summary from a sequence
of motion descriptions. We employed a frozen Gemini-
2.5-Flash model, comparing the summaries it produces
when conditioned on our integrated narrations versus those
from the original Nymeria motion narrations. The results
in Table 4 show that our narration serves as a superior
conditioning signal, outperforming the baseline across all
metrics. This performance gain is especially pronounced
in complex High-level scenarios, where our method boosts
the summary’s cosine similarity from 0.395 to 0.490. This
consistent success across motion generation, anticipation,
and summarization tasks compellingly demonstrates that
our integrated narrations provide a robust and versatile
behavioral representation, effectively enhancing a wide
range of human-aware applications.

Ablation Study
Overall Ablation Study. To validate the contribution of
our framework’s core components, we conduct a compre-
hensive ablation study, with results presented in Table 5.
The removal of the hierarchical structure causes the most
significant performance degradation across all metrics, high-
lighting the importance of integrating gaze semantic extrac-
tion into the motion hierarchy. Similarly, ablating the sym-
bolic gaze parser by using raw signal inputs, or deactivating
the self-correcting loop, both lead to a distinct decline in
performance. These results validate that each component of
the GazeInterpreter is essential and contributes effectively to
generating high-fidelity behavioral narration.

Continuity Match Temporal Completeness Top-1↑ FID↓
0.063 7.831

✓ 0.069 7.722
✓ ✓ 0.072 7.644
✓ ✓ ✓ 0.074 7.573
✓ ✓ ✓ ✓ 0.082 7.468

Table 6: Effects of each evaluation dimension.

(ours)

Figure 4: Effects of different observation window sizes.

Ablation Study on Quality Dimension. We also ana-
lyze the impact of each quality dimension within the self-
correcting loop. As detailed in Table 6, the results reveal a
clear additive effect: cumulatively introducing each of our
designed criteria—Continuity, Modality Match, Temporal
Coherence, and Completeness, progressively improves per-
formance. This validates our multi-dimensional evaluation
rubric, with each dimension providing an essential criterion
for judging how accurately the narrations correspond to real-
world behavioral features.

Ablation Study on Windows Size. We further analyze the
effect of the sliding observation window and investigate how
many preceding narration segments W should be incorpo-
rated into the historical context Hi. As shown in Fig. 4,
a window size of W = 2 consistently achieves the best
balance between contextual richness and computational ef-
ficiency. Increasing W provides only marginal gains while
noticeably increasing inference cost and occasionally intro-
ducing redundant or noisy historical cues.

Conclusion
In this work, we proposed a novel LLM-based method that
features a symbolic gaze parser to convert raw gaze signal,
a hierarchical framework to integrate gaze with body mo-
tion, and a self-correcting loop for refinement. Through ex-
tensive experiments on a large-scale benchmark, we showed
the advantages of our eye-body-coordinated narrations in
text-driven motion generation. We also demonstrated the ef-
fectiveness of our method for the sample downstream tasks
of action anticipation and behavior summarization. As such,
our work reveals the significant information content avail-
able in eye gaze for interpreting human behavior and guides
future work on this promising direction.
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