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Abstract— This paper proposes a transformer-based single-
stream model with CRF–ontology decoding for stable worker
intention recognition in human–robot collaboration(HRC). Al-
though existing intention recognition methods achieve high
accuracy, they often suffer from temporal prediction instability
and logically inconsistent combinations among actions, tools,
parts, and intentions. To address these issues, the proposed
approach employs a transformer encoder to integrate worker
actions and part-related information, thereby capturing the
task context and jointly predicting actions, tools, parts, and
intentions. For intention prediction, a conditional random field
(CRF) is applied to enforce temporal consistency and im-
prove prediction stability. In addition, an ontology-based post-
processing step removes infeasible combinations under a given
task intention and reselects predictions that satisfy structural
constraints. Experimental results show that the CRF reduces
the intention change rate from 7.9% to 3.0%, improving
temporal stability, while ontology-based decoding decreases the
violation rate from 26.5% to 6.9% by eliminating inconsistent
predictions. When combined, the proposed method achieves
both a low change rate (3.0%) and a low violation rate (3.7%),
demonstrating its effectiveness for reliable intention recognition
in HRC.

I. INTRODUCTION

Recent advances in manufacturing have positioned
human–robot collaboration (HRC) as a key component of
Industry 5.0, increasing the importance of intelligent sys-
tems that can understand worker actions and intentions and
respond accordingly [1]. In assembly scenarios, the same
action can have different meanings depending on the task
context, making it difficult to reliably infer worker intentions
based solely on action recognition [2]. Existing approaches
primarily focus on short-term action recognition or rely on
separately recognizing actions and contextual information;
however, such approaches fail to adequately capture the rela-
tionship between actions and intentions and do not explicitly
consider temporal continuity or structural constraints, leading
to unstable predictions and inconsistencies among actions,
tools, parts, and intentions [3], [4], [5].

To address these limitations, this paper proposes
a Transformer-based single-stream framework with
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Fig. 1. Overview of the proposed framework, which integrates context-
aware Transformer encoding with CRF–ontology-based decoding for stable
and consistent intention recognition.

CRF–ontology decoding for worker intention recognition.
The proposed method integrates 3D skeleton, tool, and
part information to represent the task context and jointly
predicts actions, tools, parts, and intentions. In particular,
a conditional random field (CRF) is applied to intention
prediction to enforce temporal continuity and reduce label
fluctuations, while ontology-based constraints eliminate
infeasible combinations and reselect predictions that satisfy
structural consistency.

II. METHOD

A. Context-Aware Transformer Encoding

As shown in Fig. 1, the proposed framework takes time-
series data composed of 3D skeleton-based joint positions,
tools, and parts as input. The input sequence is represented
as 60 frames (4s), where each frame consists of a 150-
dimensional feature vector. These multimodal features are
unified into a single sequence representation, capturing both
worker motion and task context. The sequence is then pro-
cessed by a transformer encoder composed of self-attention
and feed-forward layers, enabling the model to learn tempo-
ral dependencies and contextual relationships. Based on the
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Fig. 2. Training curves of the single-stream model with and without
CRF, including train/validation loss, validation action accuracy, and intention
changed rate.

TABLE I
ACCURACY COMPARISON OF DECODING VARIANTS

Method Act. (%) Tool (%) Part (%) Intent (%)

Base 89.809 98.841 95.161 99.174
+ CRF 89.809 (+0.000) 98.841 (+0.000) 95.161 (+0.000) 99.151 (-0.023)
+ Ont. 89.968 (+0.158) 98.921 (+0.080) 95.273 (+0.113) 99.174 (+0.000)
+ CRF+Ont. 90.000 (+0.191) 98.921 (+0.080) 95.231 (+0.070) 99.151 (-0.023)

encoded representation, multi-task prediction heads jointly
estimate action, tool, part, and intention labels.

B. CRF–Ontology Decoding

As illustrated in the Prediction & Post-processing stage in
Fig. 1, a two-stage decoding strategy is employed to improve
prediction reliability. First, action, tool, and part are trained
using cross-entropy loss at each time step. For intention
prediction, CRF is applied to model temporal dependencies,
and the sequence-level log-likelihood is maximized as:

LCRF = − logP (y | x) (1)

where x denotes the input sequence and y represents the
intention label sequence. This enables modeling of transition
probabilities between adjacent time steps, reducing abrupt
label changes.

Then, ontology constraints are applied to validate consis-
tency among action, tool, part, and intention. Invalid com-
binations are discarded, and the final prediction is selected
from the feasible set V(t) as:

ŷ = arg max
y∈V(t)

(logP (a | t) + logP (u | t) + logP (p | t))
(2)

where a, u, and p denote action, tool, and part, and t is the
intention. The Joint Re-selector selects the most consistent
prediction under ontology constraints.

III. EXPERIMENTS

As shown in Fig. 2, both models converge stably, while
the model with CRF exhibits superior temporal stability. In

TABLE II
STABILITY AND CONSISTENCY COMPARISON

Metric Baseline (%) +CRF (%) +Ont. (%) +CRF+Ont. (%)

Changed Rate 7.9 3.0 (-4.9) 7.9 (+0.0) 3.0 (-4.9)
Violation (GT) 26.5 26.5 (+0.0) 6.9 (-19.6) 3.7 (-22.8)

particular, the intention changed rate decreases from 7.9% to
3.0%, indicating that CRF effectively suppresses prediction
fluctuations.

Table I shows that all variants achieve comparable perfor-
mance across action, tool, part, and intention accuracy, with
only marginal differences. This suggests that accuracy alone
is insufficient to highlight the effectiveness of the proposed
method.

In contrast, Table II demonstrates the impact of the pro-
posed decoding strategy on stability and consistency. With
CRF, the intention changed rate is reduced from 7.9% to
3.0%, confirming its effectiveness in enforcing temporal
continuity. Meanwhile, ontology-based decoding reduces the
violation rate from 26.5% to 6.9%, eliminating structurally
infeasible combinations. The violation rate is defined as the
percentage of frame-wise predictions that violate ontology
constraints among action, tool, part, and intention combina-
tions. When combined, the proposed method achieves both
a low changed rate (3.0%) and a low violation rate (3.7%),
improving both temporal stability and structural consistency.

IV. CONCLUSION

This paper proposed a Transformer-based single-stream
framework with CRF–ontology decoding for stable worker
intention recognition in HRC. The proposed method in-
tegrates worker actions and task context to jointly infer
actions, tools, parts, and intentions, while CRF enforces
temporal stability and ontology-based constraints ensure
structural consistency. Experimental results showed that,
although accuracy remains comparable to baseline methods,
the proposed approach significantly improves both temporal
stability and structural consistency by reducing intention
fluctuations and eliminating infeasible combinations. These
results demonstrate the effectiveness of the proposed frame-
work for reliable intention recognition in HRC.
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