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Abstract

Long-term action anticipation from egocentric video is criti-
cal for applications such as human-computer interaction and
assistive technologies, where anticipating user intent enables
proactive and context-aware AI assistance. However, exist-
ing approaches suffer from three key limitations: 1) un-
derutilization of fine-grained visual cues from hand-object
interactions, 2) neglect of semantic dependencies between
verbs and nouns, and 3) lack of explicit cognitive reason-
ing, limiting generalization and long-term forecasting abil-
ity. To overcome these challenges, we propose INSIGHT, a
unified two-stage framework for egocentric action anticipa-
tion. In the first stage, INSIGHT focuses on extracting se-
mantically rich features from hand-object interaction regions
and enhances action representations using a verb-noun co-
occurrence matrix. In the second stage, it introduces a rein-
forcement learning-based module that simulates explicit cog-
nitive reasoning through a structured process: visual percep-
tion (think) → intention inference (reason) → action antic-
ipation (answer). Extensive experiments on Ego4D, EPIC-
Kitchens-55, and EGTEA Gaze+ benchmarks show that IN-
SIGHT achieves state-of-the-art performance, demonstrating
its effectiveness and strong generalization capability.

Code — https://github.com/CorrineQiu/INSIGHT
Extended version — https://arxiv.org/abs/2508.01742

Introduction
In real-world applications such as human-computer interac-
tion (Azam and Desai 2024; Plizzari et al. 2024), augmented
reality (Abreu et al. 2024; Xu et al. 2024), and assistive sys-
tems for visually impaired individuals (Lee et al. 2024; Xiao
et al. 2025), AI agents must accurately interpret user intent
and demonstrate effective long-term planning capabilities
within egocentric vision scenarios. The ability to anticipate
user actions well in advance allows AI systems to proac-
tively adapt their behaviors, offer timely and contextually
appropriate assistance, and avoid potential hazards or ineffi-
ciencies. Conversely, insufficient long-term anticipation can
result in delayed or inaccurate responses, significantly im-
pacting system reliability and user satisfaction.

*Corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

<answer>dip sponge, clean wall, dip
sponge, clean wall, clean wall, squeeze

sponge, clean wall, dip sponge, wipe shirt,
clean wall, move sponge, squeeze

sponge, clean wall, dip sponge, squeeze
sponge, clean wall, touch sponge, dip

sponge, clean wall, clean wall</answer>

<intention>Wipe and clean the wall
repeatedly by dipping and squeezing the
sponge as needed, occasionally wiping

other surfaces, and moving the sponge to
ensure thorough cleaning. The most likely
intention of the task is to thoroughly clean

a wall using a sponge and
water.</intention>

<think>The person is arranging the
kitchen shelf. They are taking the cup and

putting it in the shelf. The person is
opening the shelf and taking it out. The
person is taking the cup and putting it in

the shelf. The person is cleaning the shelf
and putting it in the sink.</think>
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Figure 1: Illustration of the explicit cognitive reasoning pro-
cess for long-term action anticipation.

To address these critical needs, the Long-Term Action
Anticipation (LTA) task has been introduced. LTA focuses
on predicting sequences of future actions likely to be exe-
cuted by individuals wearing first-person cameras, facilitat-
ing more proactive and context-aware assistance.

Existing approaches to LTA can be broadly categorized
into three categories: 1) Lightweight Temporal Models (Mas-
caro, Ahn, and Lee 2022; Ashutosh et al. 2023; Zhong et al.
2024). While computationally efficient, they suffer from
limited model capacity and inadequate integration of prior
knowledge, resulting in poor generalization. 2) Large Lan-
guage Models (LLMs)-based Methods (Chen et al. 2023;
Huang et al. 2023; Mittal et al. 2024). These methods ex-
tract visual content and generate textual descriptions pro-
cessed by action recognition models or, optionally, Vision-
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Language Models (VLMs). However, their purely text-based
pipeline lacks direct visual grounding, limiting fine-grained
scene comprehension and predictive accuracy, and is fur-
ther constrained by the quality of large-scale pretraining
data (Wang et al. 2025). 3) Action-Embedded Visual Rep-
resentation Methods (Cao et al. 2025). These approaches in-
corporate action-related visual embeddings but neglect im-
portant egocentric cues and the co-occurrence of verb-noun
pairs, both of which are critical for context-aware antici-
pation. Additionally, existing methods predominantly treat
LTA as passive sequence prediction, lacking active cogni-
tive reasoning. This limits their robustness and adaptability
in dynamic environments.

To address limitations observed in prior research, we
propose a unified two-stage framework named INSIGHT,
which integrates Hand-Object Semantic Action Recogni-
tion with Explicit Cognitive Reasoning for Anticipation.
In the first stage, we introduce a specialized feature ex-
traction approach targeting Hand-Object Interaction (HOI)
regions to capture crucial egocentric cues effectively. We
further enhance contextual understanding by constructing
a semantic co-occurrence transition matrix that explicitly
models relationships between verbs and nouns. The result-
ing enriched visual features are then translated into tex-
tual prompts and integrated into the VLM to facilitate ro-
bust cross-modal representation. In the second stage, we
present an innovative reinforcement learning-based inten-
tion inference module designed for explicit cognitive reason-
ing. This module simulates structured, human-like thought
processes, i.e., visual perception (think) → intention in-
ference (reason) → action anticipation (answer), as illus-
trated in Figure 1. Unlike passive methods, INSIGHT proac-
tively adapts its predictions by leveraging both observed
contexts and inferred user intentions. Extensive evaluations
on Ego4D, EPIC-Kitchens-55, and EGTEA Gaze+ demon-
strate that INSIGHT significantly surpasses existing state-
of-the-art methods.

The main contributions of our work are as follows: 1)
We propose a hand-object semantic action recognition mod-
ule that captures fine-grained HOI cues and incorporates
semantic co-occurrence correction, resulting in more ro-
bust visual representations. 2) We introduce a reinforcement
learning-based intention reasoning mechanism, enabling ex-
plicit, human-like cognitive reasoning for LTA. 3) Exten-
sive experiments across multiple benchmarks demonstrate
that INSIGHT consistently outperforms state-of-the-art ap-
proaches, validating its effectiveness and generalizability.

Related Work
Long-Term Action Anticipation. Grauman et al. (Grau-
man et al. 2022) introduced a foundational end-to-end base-
line for long-term temporal prediction, employing SlowFast
as the visual encoder coupled with a Transformer for se-
quence modeling. This approach has inspired numerous sub-
sequent studies, which generally fall into three categories
based on modality handling and learning methodologies.

The first category emphasizes enhancing visual model-
ing through improved feature extraction, aggregation strate-
gies, and advanced spatiotemporal architectures, with re-

lated ideas also explored in other domains (Zhang et al.
2023). For instance, lightweight models (Hussein, Gavves,
and Smeulders 2019; Das and Ryoo 2022; Nawhal, Jyothi,
and Mori 2022; Ishibashi et al. 2023) have been proposed
to boost efficiency and representation quality. Additionally,
Zhang et al. (Zhang et al. 2024a) introduced object-centric
feature extraction using natural language queries, combined
with dual-Transformer modules for encoding and temporal
aggregation. Despite these innovations, such methods typi-
cally suffer from limited capacity and an absence of external
priors, resulting in poor generalization in complex, dynamic,
and cluttered egocentric scenarios.

The second category leverages LLMs for temporal rea-
soning based on textual inputs derived from action recog-
nition models. For instance, Zhao et al. (Zhao et al. 2023),
Pei et al. (Pei et al. 2024), and Chu et al. (Chu et al. 2025)
fine-tuned LLMs such as LLaMA2-7B (Touvron et al. 2023)
and Vicuna-7B (Zheng et al. 2023), using predicted action
sequences as input. Kim et al. (Kim et al. 2024) further en-
hanced this setup by incorporating VLM-generated captions
to enrich contextual understanding. Nonetheless, these ap-
proaches rely exclusively on text-based reasoning, neglect
direct visual grounding (Liu et al. 2018a,b; Wu et al. 2025),
and consequently compromising fine-grained scene compre-
hension, reducing accuracy in extended future predictions.

The third category aims to integrate visual semantics with
LLM reasoning to enhance predictive accuracy. For exam-
ple, Cao et al. (Cao et al. 2025) used VLMs to infer task in-
tentions, subsequently employing these inferred intentions
as attention queries within visual backbones for improved
intention-aware feature aggregation. Although this hybrid
method offers better semantic alignment, it overlooks crit-
ical egocentric details such as HOI regions and fails to cap-
ture the statistical co-occurrences between verbs and nouns,
both essential elements for precise anticipation.

Large Language Model Reasoning. Existing LTA meth-
ods leveraging fine-tuned LLMs typically adopt supervised
fine-tuning strategies (Lester, Al-Rfou, and Constant 2021;
Liu et al. 2021; Zhang et al. 2025), relying on static priors-
such as VLM-derived textual intentions or captions (Zhao
et al. 2023; Kim et al. 2024). However, these approaches
lack dynamic intention inference capabilities, rendering
them fragile in complex, extended temporal contexts (Zhang
et al. 2021). While Generalized Reinforcement Preference
Optimization (GRPO) (Shao et al. 2024; Guo et al. 2025)
offers a reward-driven alternative, its generic design fails
to incorporate task-specific structure, reasoning constraints,
and fine-grained success metrics, thereby limiting its effec-
tiveness for LTA. To overcome this limitation, we propose
adapting GRPO’s reward function to explicitly address the
unique challenges and demands inherent to long-term action
anticipation.

Method
An overview of INSIGHT is illustrated in Figure 2, compris-
ing two key stages: hand-object semantic action recognition
and explicit cognitive reasoning for anticipation.
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（a） Hand-Object Semantic Action Recognition

Tags-Order Reward:

<think>... </think>
<intention>...</intention>
<answer>...</answer>

You are a helpful assistant.
Given a sequence of
consecutive images (video
frames) and the corresponding
8 observed actions (as text),
predict the next 20 most likely
verb-noun action pairs in
chronological order in English.

（ii）Semantic Correction via Verb-Noun
Co-occurrence

<think>... </think>
<intention>...</intention>

<answer>...</answer>

GRPO Response

Co-occurrence 
matrix

Figure 2: Overview of our two-stage framework, INSIGHT. Stage 1: Hand-Object Semantic Action Recognition leverages
a HOI-augmented feature extraction module to focus on critical hand-object regions, alongside a semantic co-occurrence tran-
sition matrix that captures verb-noun relationships. The resulting enriched visual features are formatted as prompts for VLM.
Stage 2: Explicit Cognitive Reasoning for Anticipation introduces a reinforcement learning-based intention inference mech-
anism that simulates a structured three-step cognitive process, i.e., visual perception (think), intention inference (reason), and
action anticipation (answer), to enable dynamic reasoning and generate accurate long-term predictions.

Problem Definition
The goal of LTA is to predict future action sequences based
on observed egocentric video segments. Given an observed
sequence Vobs = {Sk | k = 1, 2, . . . ,K }, where Sk repre-
sents the k-th video segment, the task is to predict the sub-
sequent Z actions, each composed of a verb-noun pair:{

(v̂k, n̂k)
}K+Z

k=K+1
= fθ(Vobs), (1)

where (v̂k, n̂k) denotes the predicted verb-noun pair, and fθ
denotes our predictive model parameterized by θ.

Hand-Object Semantic Action Recognition
Action recognition (AR) plays a pivotal role in egocentric
LTA, as it interprets ongoing actions within observed video
sequences and provides critical prompts that guide future
action predictions. However, most existing AR models in
LTA adopt general-purpose visual encoders coupled with
Transformer-based architectures, which often fail to cap-
ture the unique demands of egocentric perception. While
some recent approaches incorporate co-occurrence matrixes
to enforce semantic consistency (Zhong et al. 2024), they

still overlook a key aspect: the fine-grained visual informa-
tion embedded in HOI regions. These regions are densely
populated with action-relevant cues and are essential for
distinguishing subtle, context-dependent behaviors, as ev-
idenced by recent findings (Zhang, Gupta, and Zisserman
2023; Xu et al. 2023; Ohkawa et al. 2023; Zhang et al.
2024b). To overcome these limitations, we propose a novel
action recognition framework tailored for egocentric LTA
that explicitly focuses on capturing discriminative HOI fea-
tures and incorporates verb-noun co-occurrence statistics as
semantic priors. This dual-focus design enhances both the
visual grounding and semantic coherence of action predic-
tions, laying a stronger foundation for accurate and reliable
long-term anticipation.

HOI-Augmented Feature Extraction. Traditional LTA
approaches apply visual encoders (e.g., CLIP (Radford et al.
2021), EgoVLP (Lin et al. 2022), EgoVideo-V (Pei et al.
2024)) directly to entire frames. To improve the capture of
relevant visual details in egocentric video, we introduce an
HOI-focused feature extraction strategy. Specifically, given
a video segment Sk ∈ Vobs, we follow AntGPT (Zhao et al.
2023) and uniformly sample 4 frames per segment, denoted
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as Fk,T with T ∈ {1, . . . , 4}. Each frame Fk,T undergoes
HOI region detection using the pretrained 100DOH detec-
tor (Shan et al. 2020), refined with high-resolution masks
from SAM2 (Ravi et al. 2024), producing precise masks
Rk,T representing active HOI regions.

We utilize a dual-stream EgoVideo-V architecture to en-
code both the full frame Fk,T and and the corresponding
HOI region Rk,T , generating visual embeddings:(

Xori
k,T , Xmask

k,T

)
= EgoVideo-V

(
Fk,T , Rk,T

)
. (2)

These embeddings are concatenated and fused through a lin-
ear Multi-Layer Perceptron (MLP), blending global scene
context and detailed HOI features. The resulting integrated
representation is processed by a Transformer-based recogni-
tion module, effectively capturing complex spatiotemporal
relationships and significantly improving semantic accuracy
for verb-noun predictions.

Semantic Correction via Verb-Noun Co-Occurrence.
To further enhance semantic consistency in action predic-
tion, we implement a semantic correction module utiliz-
ing verb-noun co-occurrence statistics derived from training
data. This module operates on the output of a Transformer-
based model equipped with two parallel classifiers, one for
verbs and one for nouns. However, independently predicted
verb-noun pairs can result in improbable combinations (e.g.,
“drink + guitar”), diminishing prediction reliability. To miti-
gate this issue, we construct a verb-noun co-occurrence ma-
trix C ∈ N|V|×|N| from annotated labels:

Cv,n =
K∑

k=1

1{ vk=v ∧nk=n }, (3)

where v and n index the verb and noun categories in V and
N , respectively. 1{·} denotes the indicator function. The ma-
trix C is normalized row-wise and column-wise to obtain
conditional probabilities:

Pv,n =

P
(n|v)
v,n =

Cv,n∑
n′ Cv,n′

∈ [0, 1]|V|×|N|,

P
(v|n)
v,n =

Cv,n∑
v′ Cv′,n

∈ [0, 1]|V|×|N|.
(4)

Given softmax probabilities p(vk) and p(nk) from classi-
fiers, we calculate the corrected joint probability:

p̃(vk, nk) = p(vk) · p(nk) · 1
2

(
P(n|v)

v,n +P(v|n)
v,n

)
. (5)

The final predicted action is determined through maximum
a posteriori estimation:

(v̂k, n̂k) = argmax
(v,n)∈V×N

p̃(vk, nk). (6)

This semantic correction significantly enhances the coher-
ence and accuracy of predicted verb-noun pairs by aligning
predictions with plausible semantic combinations.

Explicit Cognitive Reasoning for Anticipation
Most existing LTA methods adopt a pipeline wherein ob-
served egocentric videos are first translated into textual de-
scriptions using action recognition models, followed by fine-
tuning LLMs to predict future actions leveraging seman-
tic reasoning. Although effective, these methods employ

implicit reasoning and lack explicit modeling of decision-
making processes, limiting generalization in diverse or ex-
tended scenarios.

To overcome these limitations, we extend GRPO, a
reward-driven framework derived from PPO (Schulman
et al. 2017), by introducing task-specific structured reason-
ing, namely “think → reason → answer”. This encourage
active intention inference and adaptive decision-making for
robust long-term anticipation. Our reward design integrates
structural (format) and semantic (content) considerations to
ensure precise, interpretable predictions.

Format Rewards. We define format-oriented reward
functions to enforce structured, interpretable outputs:

1) Length Reward: A full reward is awarded if the gen-
erated verb-noun pair set L matches or exceeds the target
length Z:

Slen =

{
1, |L| ≥ Z,

0, otherwise.
(7)

2) Tags-Order Reward: To enforce explicit rea-
soning stages, outputs must adhere to the structured
format <think>...</think> for visual perception,
<intention>...</intention> for intention infer-
ence, and <answer>...</answer> for final action pre-
diction:

Sfmt =

{
1, all tags are correct,
0, otherwise.

(8)

3) Language Consistency Reward: Penalizes outputs
containing non-English tokens to maintain linguistic consis-
tency:

Slang =

{
1, all tokens are English,
0, otherwise.

(9)

4) Soft Overlong Punishment: A soft penalty RSoft dis-
courages overly verbose outputs. If the generated length L
falls within [Lmax − Lcache, Lmax], the penalty decays lin-
early from 0 to −1. If L exceeds Lmax, the penalty is fixed
at −1. Here Lmax denotes the maximum allowable length
and Lcache is the buffer length.

Content Rewards. Content-oriented rewards are crafted
to enhance action prediction accuracy and alignment of in-
ferred intentions:

1) Accuracy Reward: We adopt edit distance (ED) as
per Ego4D protocols (Grauman et al. 2022) to evaluate
prediction accuracy. Given a predicted sequence spred and
a ground truth sequence strue, we normalize the predic-
tion to the target length Z as follows: If spred>Z, truncate
the sequence; if spred<Z, pad with a special token ⟨pad⟩.
The resulting normalized prediction sequence is defined as
s̃pred = (s̃1, s̃2, . . . , s̃Z). The edit distance between the nor-
malized prediction and the ground truth sequence is com-
puted as:

dZED = ED
(
s̃pred, strue

)
, (10)

where ED(·, ·) denotes the edit distance function. The final
accuracy reward is normalized to the range [0, 1] as follows:

Sacc = 1− dZED

|strue|
, Sacc ∈ [0, 1]. (11)
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Method Venue LLM Visual Encoder Ego4D-v2 (ED)

Verb ↓ Noun ↓ Action ↓
HAI-PUI CVPR’24 – – 0.7721 0.6733 0.9242
AntGPT ICLR’23 LLaMA2-7B EgoVLP 0.6728 0.6755 0.8931
PALM ECCV’24 LLaMA2-7B EgoVLP 0.7111 0.6465 0.8819
PaMsEgoAI CVPR’23 – SlowFast, CLIP 0.6702 0.6291 0.8753
EgoVideo CVPR’24 Vicuna-7B EgoVideo-V† 0.6576 0.6264 0.8619
ICVL arXiv’25 LLaMA3-8B ViT-L/14, BLIP2-OPT-2.7B 0.6516 0.6194 0.8570
INSIGHT – Qwen2.5-VL-7B EgoVideo-V 0.6643 0.6092 0.8463

Table 1: Performance comparison between INSIGHT and prior state-of-the-art methods on the Ego4D-v2 validation set. †
indicates models with visual encoders finetuned on the Ego4D dataset. Underlined values represent the current state-of-the-art,
and bold values indicate the best (lowest) ED scores.

Following the EGO-TOPO (Nagarajan et al. 2020) setup
on the EPIC-Kitchens-55 (EK-55) and EGTEA Gaze+
(EGTEA) datasets, we construct the accuracy reward using
mean Average Precision (mAP).

2) Intention Reward: We hypothesize that explicitly ar-
ticulating high-level task intentions improves long-term ac-
tion anticipation. To encourage this behavior, we introduce
an intention reward that aligns the model’s generated inten-
tion intgen with a pseudo-ground-truth intention intgt, auto-
matically produced by GPT-4.1. This provides effective su-
pervision without requiring manual annotation. We compute
the cosine similarity between the Sentence-BERT (Reimers
and Gurevych 2019) embeddings of the two intentions:

sim = cos
(
Emb(intgen), Emb(intgt)

)
∈ [−1, 1], (12)

The intention reward is normalized using a scaled sigmoid
function:

Sint = min
(

1
1+exp[−γ(sim−β)]

/
1

1+exp[−γ(1−β)] , 1
)
,

(13)
where β and γ control the function’s center and sharpness,
respectively.

Overall Reward. The overall reward function integrates
both format rewards and content rewards by using a set of
weight coefficients {ωi} to jointly ensure structural validity
and semantic precision in LTA, which is defined as:

R = ω1 Slen Rtask + ω2 RSoft, (14)

where Rtask is the weighted task score, which emphasizes
action accuracy while incorporating auxiliary signals from
intention alignment and output formatting:

Rtask = ω3 Sacc + ω4 Sint + ω5 Slang + ω6 Sfmt. (15)

Experiment
Experimental Settings
Datasets. We evaluated our proposed method using three
widely recognized egocentric video benchmarks, each en-
compassing distinct scenarios and action taxonomies:

1) Ego4D (Grauman et al. 2022) is among the most com-
prehensive egocentric datasets available, capturing diverse

daily-life scenarios. The v1 release includes 3, 670 hours of
footage, with the Forecasting subset containing 1, 723 an-
notated clips (116 hours) labeled with 115 verbs and 478
nouns. The updated v2 dataset expands this subset to 3, 472
clips (243 hours), annotated with 117 verbs and 521 nouns.
We employed the official data splits from the v2 version for
our experiments.

2) EPIC-Kitchens-55 (Damen et al. 2018) comprises
egocentric cooking activities recorded in realistic kitchen
settings. This dataset includes 55 hours of densely annotated
videos with 125 verbs and 352 nouns. Our experiments uti-
lized standard data splits defined by EGO-TOPO (Nagarajan
et al. 2020) to ensure comparability with previous studies.

3) EGTEA Gaze+ (Li, Liu, and Rehg 2018) consists of
86 cooking-focused egocentric videos totaling 26 hours. It
provides annotations for 19 verbs and 51 nouns. Consistent
with established evaluation protocols, we followed the offi-
cial splits proposed in (Nagarajan et al. 2020).

Evaluation Metrics. We adopted evaluation protocols
specific to each dataset, ensuring consistency and compa-
rability with prior works. For the Ego4D dataset, we ad-
hered to the official evaluation approach, which specifies
an observed context of 8 segments and requires predict-
ing 5 distinct future action sequences, each comprising 20
verb-noun pairs. We evaluated using edit distance (Damerau
1964) computed separately for verbs, nouns, and combined
actions. The evaluation score is the minimal edit distance
achieved between any of the predicted sequences and the
ground-truth sequence.

For EK-55 and EGTEA, we followed the multi-label
classification evaluation protocol proposed by Nagarajan et
al. (Nagarajan et al. 2020). Specifically, we reported mAP
across varying observation horizons. The model is given
the first P% of a video as input and tasked with predicting
verbs that occur in the remaining (100 − P )%. We evalu-
ated at P ∈ {25, 50, 75}, and reported mAP across three
action categories: all actions (All), frequently occurring ac-
tions (Freq), and rare actions (Rare).

Implementation Details. We employed a frozen
EgoVideo-V encoder to extract visual embeddings from full
frames and corresponding HOI regions. These dual-stream
features were linearly fused and processed by a Transformer
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Method Venue EK-55 (mAP) EGTEA (mAP)

ALL ↑ FREQ ↑ RARE ↑ ALL ↑ FREQ ↑ RARE ↑
Timeception CVPR’19 35.6 55.9 26.1 74.1 79.7 59.7
VideoGraph ICCV’19 22.5 49.4 14.0 67.7 77.1 47.2
EGO-TOPO CVPR’20 38.0 56.9 29.2 73.5 80.7 54.7
Anticipatr ECCV’22 39.1 58.1 29.1 76.8 83.3 55.1
AntGPT ICLR’23 40.1 58.8 31.9 80.2 84.8 72.9
PALM ECCV’24 40.4 59.3 30.3 80.7 85.0 73.5
ICVL arXiv’25 43.3 61.6 33.8 81.0 85.2 73.7
INSIGHT – 45.2 62.4 36.0 81.7 85.9 74.4

Table 2: Performance comparison between INSIGHT and prior state-of-the-art methods on the EK-55 validation set and the
EGTEA test set. Underlined values indicate the current state-of-the-art, and bold values denote the highest mAP in each column.

architecture consisting of 4 layers and 8 attention heads per
layer to capture spatiotemporal dependencies. The feature
extraction stage was trained using a batch size of 8, a
learning rate of 8e − 5, and a plateau-based learning rate
scheduler.

For cognitive reasoning, we used Qwen2.5-VL-Instruct-
7B (Bai et al. 2025) as the backbone, incorporating struc-
tured prompting and trained end-to-end with Swift frame-
work (Zhao et al. 2024) using our GRPO-based reinforce-
ment learning objective. Experiments were conducted on six
NVIDIA H20-SXM5-96GB GPUs.

Fine-tuning Hyperparameters included batch size of 24,
learning rate of 3e − 6, temperature of 0.9, KL divergence
coefficient of 0.08, generation numbers of 5, buffer length
of 256, and a maximum allowable length of 450. Reward
function weights were set as follows: ω1 = 0.90, ω2 = 0.10,
ω3 = 0.85, ω4 = 0.05, ω5 = 0.05, and ω6 = 0.05. The
intention reward parameters were β = 0.8 and γ = 40. The
fine-tuning lasted 500 steps, requiring about 90 GPU hours.

Performance Comparison
On Ego4D-v2. Table 1 compares INSIGHT against previ-
ous state-of-the-art methods on the Ego4D v2 validation set.
INSIGHT outperforms the best existing method ICVL (Cao
et al. 2025) in noun and combined action predictions by mar-
gins of 1.02% and 1.07%, respectively. The superior noun
prediction was attributed to our HOI-focused feature extrac-
tion, capturing essential object manipulations. On “verb”,
our score slightly above the best result. Notably, INSIGHT
achieves this slight improvement in verb prediction using a
frozen visual encoder, in contrast to EgoVideo (Pei et al.
2024)’s fine-tuned encoder and ICVL’s dual-model approach
with ViT-L/14 and BLIP2-OPT-2.7B for enhanced visual
learning. This suggests that the fine-tuned language model
and the proposed cognitive reasoning module effectively
compensate for visual ambiguities, leading to more accurate
and context-aware long-term predictions.

On EK-55 and EGTEA. Table 2 further demonstrates
INSIGHT’s superior performance on EK-55 and EGTEA
benchmarks, improving on the baseline ICVL by 4.4%,
1.3%, and 6.5% (EK-55) and by 0.9%, 0.8%, and 1.0%
(EGTEA) for All, Freq, and Rare actions, respectively. No-

Method Ego4D-v2 (ED)

Verb ↓ Noun ↓ Action ↓
w/o HOI feature 0.6719 0.6158 0.8595
w/o Semantic correction 0.6716 0.6108 0.8587
w/o Cognitive reasoning 0.6750 0.6176 0.8612
w/o Intention 0.6685 0.6104 0.8571

INSIGHT (full model) 0.6643 0.6092 0.8463

Table 3: Ablation study analyzing the contribution of differ-
ent modules within the INSIGHT framework.

(a) Overall Reward (b) Intention Reward

Figure 3: Training visualization of the GRPO-based cogni-
tive reasoning process.

tably, INSIGHT excels in rare classes, indicating that our
cognitive reasoning and intention-alignment mechanisms
substantially reduce tail-class confusion, ensuring robust
generalization. Moreover, consistent improvements with a
reduced head-tail gap showing better calibration, these gains
persist across datasets with varying protocols, indicating
the structured reasoning trace enhances long-term prediction
performance.

Ablation Study

We conducted ablation studies to quantify the contribution
of each component of INSIGHT. Comparison results are
summarized in Table 3.
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AntGPT
10000 tablet, draw tablet, draw tablet, draw tablet, draw tablet, draw
tablet, draw tablet, draw tablet, draw tablet, draw tablet, draw tablet,
draw tablet, draw tablet, draw tablet, draw tablet, draw tablet, draw
tablet, draw tablet, draw tablet, draw tablet

GT
operate tablet, hold pen, operate tablet, operate tablet, operate tablet,
operate tablet, operate tablet, move pen, operate tablet, lift tablet, put
tablet, operate tablet, operate tablet, operate tablet, adjust tablet,
operate tablet, adjust tablet, operate tablet, hold pen, operate tablet

INSIGHT
<think>The person is sitting at a desk and using a stylus to operate
a tablet computer. The person is holding the stylus in their right
hand and using it to tap on the tablet screen. The person is
alternating between holding the pen and operating the tablet</think>

<intention>To adjust the pen and the tablet, the person is using
the stylus to interact with the tablet. This could be a task that
requires accuracy and precision, and it is a repetitive
task</intention>

<answer>put table, operate tablet, hold pen, operate tablet, put
table, operate tablet, hold pen, operate tablet, put tablet, operate
tablet, hold pen, operate tablet, put table, operate tablet, hold pen,
operate tablet, put tablet, operate tablet, hold pen, operate
tablet</answer>

INSIGHT w/o Cognitive Reasoning
<answer>put pen, operate tablet, hold pen, operate tablet, put pen,
operate tablet, put pen, operate tablet, put pen, operate tablet, put
pen, operate tablet, put pen, operate tablet, put pen, operate tablet,
put pen, operate tablet, put pen, operate tablet</answer>

You are a helpful assistant. Given a sequence of consecutive images
(video frames) and the corresponding 8 observed actions (as text),
predict the next 20 most likely verb-noun action pairs in chronological
order in English. Below are the 8 observed actions:

operate 
tablet

hold
pen

put
table

operate
tablet

adjust
pen

put
table

hold
pen

operate
tablet

Figure 4: Case study on Ego4D for the LTA task. IN-
SIGHT demonstrates intention-aware predictions with im-
proved temporal coherence, fewer redundant actions, and
more precise verb-noun pairings, leading to lower edit dis-
tance.

On Action Recognition. In the action recognition stage,
removing HOI region features and using only raw frames
(w/o HOI feature) leads to a clear degradation. This con-
firms the importance of explicitly modeling HOI cues, which
significantly enhances recognition accuracy and supports
downstream anticipation. Additionally, removing the verb-
noun co-occurrence matrix (w/o Semantic correction) also
causes a noticeable drop in performance. This indicates that
structured semantic priors contribute to more discriminative
and semantically consistent action representations.

On Anticipation. In the anticipation stage, discarding the
structured reasoning trace (think → reason → answer) and
directly predicting future actions (w/o Cognition reasoning)
leads to a substantial drop in performance. This demon-
strates that stepwise reasoning is crucial for enabling the
model to internalize task intentions and temporal depen-
dencies effectively. Furthermore, maintaining the reasoning
pipeline but omitting supervision for the intention inference
stage (w/o Intention) also results in performance degrada-
tion compared to the full model. This highlights the value of
supervising intermediate reasoning steps, as it calibrates the
cognitive process and improves overall prediction quality.

Overall, these results show that each module provides

complementary gains, and their integration delivers the
highest accuracy. Notably, removing the structured reason-
ing trace (w/o Cognitive reasoning) has the most significant
impact on performance, highlighting its importance. These
findings align with prior observations that both high-quality
action recognition and explicit cognitive reasoning are es-
sential for robust and reliable long-term action anticipation.

Reward Analysis
Figure 3 presents learning dynamics under the adopted train-
ing configuration. (a) illustrates the progression of the over-
all reward, while (b) tracks the intention-specific reward;
both panels show raw and smoothed curves to capture train-
ing trends. Training converges within 500 steps: rewards rise
sharply during the initial 1− 100 steps, followed by gradual
improvement and stabilization between 100−300 steps. Im-
portantly, the intention reward closely mirrors the overall re-
ward trajectory, suggesting that intention supervision is well
aligned with the task objective. Although raw curves exhibit
fluctuations typical of on-policy learning and exploration,
smoothed trends indicate consistent performance gains with-
out signs of instability. These results demonstrate the robust-
ness of GRPO under our selected hyperparameters and val-
idate the utility of explicit intention guidance in improving
policy quality and convergence.

Qualitative Comparison
We present a qualitative comparison on Ego4D-v2 by repro-
ducing the AntGPT (Zhao et al. 2023) baseline, which, as
shown in Figure 4, exhibits task-irrelevant tokens, repetitive
predictions, and verb-noun mismatches. By contrast, IN-
SIGHT without cognitive reasoning enhances lexical fidelity
but suffers from temporal inconsistency, exemplified by re-
peated “put pen” actions without prior “hold pen”. The full
INSIGHT model, equipped with cognitive reasoning, out-
performs both by inferring task intention and aligning sub-
goals, yielding precise verb-noun pairings, expanded verb
diversity, and lower edit distances.

Conclusion
This paper introduces INSIGHT, a unified two-stage frame-
work for LTA that combines Hand-Object Semantic Action
Recognition with Explicit Cognitive Reasoning. INSIGHT
first extracts discriminative visual features from HOI regions
and reinforces semantic consistency using a verb-noun co-
occurrence prior, enabling the construction of robust action
representations. These representations are then processed
through a reinforcement learning-based cognitive reason-
ing module that simulates a structured inference process
“think → reason → answer” guided by intention supervi-
sion. Extensive experiments on Ego4D, EPIC-Kitchens-55,
and EGTEA Gaze+ demonstrate that INSIGHT consistently
outperforms prior state-of-the-art methods. As future work,
we will capture egocentric dynamics by modeling hand mo-
tion trajectories and object state changes in HOI regions as
priors, thereby strengthening visual grounding and enhanc-
ing long-term anticipation.
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