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Continuous Sign Language Recognition for
Task Planning in Human-robot Interaction
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Abstract: In real-world human-robot interaction (HRI) environments, voice-based interfaces often
face limitations due to noise, language barriers, and communication with users who have hearing or
speech impairments. As a result, gesture-based interaction using sign language is gaining attention as
an intuitive and non-verbal alternative. However, conventional systems rely on one-to-one mapping
of static gestures to predefined commands or use gestures merely as a supplementary input to voice
recognition, limiting contextual understanding and flexibility. This study proposes an end-to-end
framework that captures continuous sign language gestures via camera, interprets the user’s intent
using a large language model (LLM), and translates this intent into executable robotic actions. The
proposed system consists of a bidirectional long short term memory-based sign language recognizer,
an LLM-based intent reconstruction module, and the Scene describer that extracts scene elements,
including objects and humans, to facilitate plan generation. Experimental evaluations confirm that
the proposed framework provides a viable alternative to traditional language-based methods in

settings where verbal communication is challenging.
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[Fig. 1] Overall workflow of the proposed framework: sequential video frames containing only sign gestures (without any speech input)
are processed by a Bi-LSTM-based CSLR module to predict continuous sign gestures, after which the prediction results undergo a
filtering process. The post-processed data, together with scene information, are then fed into the LLM-based task planning module,
where the user’s intent is reconstructed and translated into an executable robot plan
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[Algorithm 1] Filtering Algorithm

Algorithm 1: Filtering Algorithm

Data: D
Result : O
while Frame Exists do
if Length(D) > N then
S; < Mode(D)
D < Clear
if Si—l 75 Sz then
| O+« [S,S;]
end
else
| D+« [D, Dnewl
end

end
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ObjectPicking();
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Few-shot example

In-context Learning

Example 1: { GIR Output : ...,
Describer : ..., Plan : ...},

Example 2: { GIR Output : ...,
Describer : ..., Plan : ...},

Task Planner
Generated Plan:
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3) HandOverToHuman();
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5) ObjectPicking( ‘redbox’);
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Preprocessed gesture stream

[Fig. 3] Overview of LLM-based intent reconstruction and task planning process: Filtered CSLR results and workspace information
from the Scene Describer are processed by the LLM-based task planner initialized with ICL, enabling reconstruction of user intent and
generation of executable task plans for collaborative object manipulation
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[Table 1] Recognition accuracy under different noise conditions. The proposed method consistently achieves 95% accuracy regardless
of noise, showing greater robustness than conventional voice-based recognition

) Speech Recognition Rate
Environment Type - - Proposed
Native Non-native
White Noise (~50 dB) 95% 90%
Mechanical Noise (70 dB) 80% 65% 95%
Conversation + Mechanical Noise (100 dB) 60% 30%
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[Table 2] Examples of command complexity

Category | Command Example

Simple
Repetitive | “Give me the red box, then move the banana onto the tray.”

“Take the banana from me, move it to the right of the
green box, and move the green box to the tray.”

“Move the banana to the tray.”

Complex

Repetltive Command

"L..l
1 'r .\l k

=
@ “Give me the red box, then move the banana onto the tray."

Complex Command

“Take the banana from me, move it to thea right of
the green box, and move the green box to the tray.”

[Fig. 4] End-to-end pipeline across scenarios with varying
command complexity
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(Complex) AU 2= Al 7HA] 24(F 2 A A A1) 7HERH

ZE o] A ¥l ol TAASHAY A&H o8 FYPEH= T
Egjn' 9| HH([Fig. 4], [Table 2]).

7} Sof|4 CSLR H&2 AREARY] A o1& 1451,
TE Y ¢ 8ES B0 A= ]Ik o] LLM 7|5t 2] A|
3] 50| UYS HiEro 2 oJu|E B35}l Scene Describer
HEoA Algste A A Eel Agtete] 24 A9 A5t
Rt opR|Ere &7 2 5to] AlglZ A st

o|fj, AH HAK(Scene Describer) &2 AA|HZ PCA
718F ZpA| =74 WA S A-E-sto], A U AR 9] f1A]9F 3
B & Qlalstal 2w o) F Wk RS 4RSSl
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[Table 3] Quantitative evaluation results of the Scene Describer module

Object Type A/ Az Ratio Grasp Point Error Pose Estimation (Gripper Angle) Error
Unstructured Object 10.8+£0.4 <5mm <5°
structured Object 1.11£0.07 <5mm <12°

Object Detection
R |

Bananapc i< ine
|

Red_cube =3
Banana [j D

Green_cube

Green_cube (i
D Green_cube.

Grasp Point and Gripper Pose Estimation via PCA

[Fig. 5] Example of object detection and grasp pose estimation
in the Scene Describer module

= Model Recognition
w Plan Generation & Execution
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Repetitive Complex
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[Fig. 6] Sign language recognition and plan execution success
rate by command complexity
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