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Abstract— We present a new causal transformer system
consisting of Spatial-Attention Tokenization (SAT) with Multi-
Resolution Causal Temporal Mixing (MRCTM) to perform
online skeleton-based action recognition during human–robot
interaction. The novel architecture uses Spatial-Attention To-
kenization (SAT) to generate soft tokens from human joint
groups. MRCTM performs causal convolutions and self-
attention operations to detect both detailed motion patterns
and extended temporal relationships. We introduce GoHAR-
12 dataset as an evaluation tool as it contains 12 gesture
and posture classes which are recorded in human-robot in-
teraction (HRI) settings and directly translate to high-level
commands for the Unitree Go1 quadruped. The proposed model
reaches 98.4% accuracy on the GoHAR-12 dataset and it
shows superior performance in distinguishing between actions
that are quite similar in motion, maintains strong results on
public benchmarks such as NTU-RGB+D and NW-UCLA. We
demonstrate how causal transformer performs for reliable real-
time skeleton-based control of the Unitree Go1 robot.

I. INTRODUCTION

Human action recognition stands as a fundamental capa-

bility which enables robots to interact with humans through

natural and intuitive ways. The interpretation of human

skeleton sequences through gesture and posture recognition

delivers a strong and understandable way for robots to

execute seamless responses during collaborative work. The

combination of inexpensive RGB+D sensors with human

pose estimation progress has made skeleton-based action

recognition an operational solution for real-time human-robot

interaction systems [1], [2], [3].

The initial skeleton-based recognition methods use recur-

rent architectures including LSTMs and GRUs [4], [5] which

processed sequential data well yet failed to handle extended

temporal patterns and real-time processing requirements.

The implementation of spatial–temporal graph convolutional

networks (ST-GCN) by Yan et al. [1] and their following

developments [2], [3], [6], [7] brought substantial perfor-

mance growth through the utilization of human skeleton

structural connections. The latest research demonstrates that

transformer-based models [8], [9] together with hybrid mod-

els that combine convolutional and attention mechanisms

[10], [11] achieve top performance on NTU-RGB+D [12]

and NW-UCLA [13] datasets. The models demonstrate how

attention mechanisms enable the detection of intricate spatio-

temporal patterns and enable action recognition across mul-

tiple viewpoints and various actions.
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Fig. 1. Illustration of human–robot interaction scenario: a participant
executes predefined actions while engaging with the Unitree Go1 robot,
forming part of the dataset collection for action recognition and HRI
analysis.

The current methods for skeleton-based action recognition

primarily work on benchmark datasets without solving the

specific requirements for robot control of quadruped robots.

The natural operation of legged robots such as Unitree

Go1 [14] demands precise gesture recognition during real-

time operations because small action variations between

Pointing and Waiting affect both safety and task comple-

tion. The majority of existing research on skeleton-based

recognition has not tested their methods in closed-loop

control systems that convert recognition outputs into robot

locomotion commands.

Our research presents an innovative system for gesture

recognition from skeleton data which focuses on robot

control operations. Our method implements a causal trans-

former system that incorporates two essential components: (i)

Spatial-Attention Tokenization (SAT) which creates flexible

joint groupings to focus on meaningful body parts including

arms, torso, hands, legs and (ii) Multi-Resolution Causal

Temporal Mixing (MRCTM) which unites simple causal

convolutions with self-attention to detect detailed movements

across time sequences while maintaining real-time causality.

The combined system produces an efficient yet powerful

model for real-time action detection.

The GoHAR-12 dataset introduced in this research is a

new collection of 12 gesture and posture classes used to

map human actions to high-level Unitree Go1 commands.

The dataset contains fundamental actions for quadruped

control including Waving, Follow Me, Come Here, and so on.

The dataset provides a wide range of control primitives for

human-robot interaction with quadruped robots. Fig. 1 shows
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Fig. 2. The proposed system architecture where the 3D skeleton sequence including coordinates and their velocity and acceleration values and gesture-
related information between joints are processed. The Spatial Attention Tokenization (SAT) module transforms joint features into a minimal set of learnable
soft tokens which maintain essential spatial information while eliminating redundant data. The MRCTM block uses parallel attention-based and convolutional
branches to extract both local time-dependent patterns and global contextual relationships through a gating mechanism.The encoded sequence passes through
multiple Causal Transformer Encoder layers which maintain temporal order while achieving efficient long-term sequence processing.The classification head
generates per-frame output logits which enable real-time action detection.

the illustration of human interacting with Unitree Go1. Our

model reaches a performance level of 98.4% accuracy when

tested on this dataset which surpasses all baseline causal

TCN and transformer variants. The proposed method shows

comparable performance on NTU-RGB+D 60/120 [12], [15]

and NW-UCLA [13] benchmark datasets which proves its

ability to work effectively in different domains.

Our research presents three main contributions to the field.

• The proposed causal transformer system uses SAT and

MRCTM to achieve robust online skeleton-based action

recognition.

• The GoHAR-12 dataset serves as a new dataset for

human gesture recognition in quadruped robot control

which contains 12 gesture/posture classes that corre-

spond to high-level Go1 commands.

• The research presents thorough assessments of our

system through both the GoHAR-12 dataset and public

benchmarks to show its peak performance and real-time

human-robot interaction capabilities.

II. RELATED WORKS

In this section, we discuss the most relevant works

on skeleton-based action recognition on the NTU-RGB+D

60/120, NW-UCLA datasets using graph convolution net-

works, transformers and online skeleton action recognition

models.

A. Skeleton-Based Action Recognition

The field of skeleton-based recognition has experienced

rapid development through the transition from recurrent

models to graph and transformer architectures. The Spatial–

temporal GCNs brought topology-aware joint and bone rea-

soning to the forefront through their strong baseline perfor-

mance and established training protocols which researchers

widely adopted [1]. The CTR-GCN model achieved better

adaptability through its channel-wise topology refinement

method which learned separate graph structures for each

channel to achieve high performance on NTU RGB+D

60/120 [12], [15] datasets [16]. The InfoGCN and its online-

oriented successor InfoGCN++ focus on information preser-

vation and predictive supervision to achieve competitive re-

sults on NTU60 and NTU120 and NW-UCLA datasets [17],

[18]. The current state-of-the-art models achieve 93-98%

top-1 accuracy on NTU60 Cross-Subject and 90-92% ac-

curacy on NTU120 Cross-Subject across GCN transformer

and hybrid model architectures [8], [10], [11]. The current

state-of-the-art skeleton and RGB+pose pipelines for NW-

UCLA reach or surpass 97% accuracy in standard evaluation

settings [19], [10], [11]. The latest surveys in the field

analyze three main trends which include transformer-based

semantic enhancement and multi-representational fusion and

robustness against view variations and noisy data [20], [21].

B. Transformer-Style and Hybrid Models

The global attention mechanism in Transformer-based

skeleton models enables them to detect distant patterns

while maintaining efficient processing for brief online time

intervals. The research presents two categories of pure-

transformer and hybrid conv-attention models which focus on

skeleton data processing and temporal sequence analysis and

tokenization methods according to the study in [20], [8], [22].

The latest transformer models achieve state-of-the-art results

or near-state-of-the-art performance on NTU60/120 and NW-

UCLA datasets while providing better scalability according

to research findings in [23]. The work [11], propose au-

toregressive hypergraph generation with adaptive hyperedge

learning to create a novel transformer–hypergraph hybrid

for skeleton-based action recognition. The model achieves

better long-range dependency and higher-order correlation

detection through vector-quantized priors and joint super-

vised–unsupervised training. The experimental results on

NTU RGB+D, NTU RGB+D 120 and NW-UCLA datasets

demonstrate that AutoregAd-HGformer achieves superior

performance than current hypergraph-based methods.

C. Online Recognition

The requirement for HRI and safety-critical applications

demands both causal (future-free) inference and early predic-

tion capabilities. The InfoGCN++ model adds online super-

vision and causal masks to its training process which leads

to better early action prediction results on NTU60/120 and

NW-UCLA datasets [18]. The evaluation of online/streaming

protocols requires separate benchmarks which differentiate

1594



Fig. 3. Spatial Attention Tokenization (SAT) module. The model receives per-joint embeddings from each frame before it uses a soft partitioning method
to divide joints into K tokens.The attention weights α receive joint normalization across all body parts to produce soft joint-token assignments. The
temperature parameter τ determines how soft or hard the assignment process will be because high values produce smooth attention distribution and low
values result in distinct partitions. The causal transformer encoder receives tokenized embeddings from each frame which create a condensed and meaningful
representation.

them from traditional offline assessment methods according

to research in [24]. The research now focuses on developing

methods to handle noisy and sparse streaming skeleton data

according to [25].

The number of Human-Robot Interaction systems that

use skeleton and hand-gesture recognition continues to ex-

pand. The general HRC frameworks achieve reliable body-

action and gesture recognition which enables collaborative

task execution according to research by Terreran et al. in

2023 [26]. There exist not many works, that demonstrate the

online skeleton-based action recognition in combination with

controlling the Unitree Go1 robot.

D. Research Positioning

The design we present addresses the common deployment

issues of offline-optimized models in robot perception sys-

tems by preventing instability and overfitting of convolu-

tional paths and reducing sensitivity to small gesture vari-

ations. The model achieves transformer-level generalization

through staged training which includes gate bias learning,

conv freezing, GroupNorm application in the conv branch,

and SAT temperature annealing to enhance online stability

on to GoHAR-12 and public dataset results.

III. METHODOLOGY

The main objective of our work involves creating reliable

online skeleton-based action recognition systems for human-

quadruped interaction. The proposed model uses a causal

transformer backbone structure which includes two new

components: (i) Spatial-Attention Tokenization (SAT) for

adaptive joint feature grouping into meaningful tokens and

(ii) Multi-Resolution Causal Temporal Mixing (MRCTM) for

combining causal convolutions with self-attention at different

dilation rates to detect short-term and extended temporal

patterns. The skeleton recognition architecture is illustrated

in Fig. 2.

A. Input Representation

We operate on 3D skeleton sequences with J = 59
joints and Cartesian coordinates (x, y, z). Each sequence

has temporal length T , producing an input tensor of shape

[B, T, J, 3] for a batch size B.

To enrich the representation, we compute first- and second-

order temporal derivatives (velocity and acceleration) and

pairwise geometric features between hands, elbows, shoul-

ders, and torso (six distances and projections). The resulting

feature vector per frame has dimension:

F = (J × 3)× 3 + 6 = 531

Thus the input to the network is [B, T, F ].

B. Spatial-Attention Tokenization (SAT)

The traditional skeleton-based action recognition methods

send all joints directly to temporal encoders which results

in redundant and noisy information from joints that do

not provide much value. The proposed Spatial Attention

Tokenization (SAT) system reduces the full joint represen-

tation into a few soft tokens which represent meaningful

body regions. The model uses temperature-controlled soft

assignments in its lightweight attention mechanism to deter-

mine which joints contribute to each token while preserving

differentiability. The SAT module is clearly illustrated with

similar notation as text in Fig. 3.

The per-joint features at frame t after linear embedding

are denoted as Xt ∈ R
J×d. The system includes M learnable

token anchors which function as joint prototypes to generate

queries. The system transforms each joint feature Xj into a

query vector and each token anchor into a key vector.

qj = WqXj , km = Wkum, vj = WvXj ,

where Wq,Wk,Wv are learned linear projections. The atten-

tion score between joint j and token m is given by

αjm =
exp

(

qj ·km

τ

)

∑J

j′=1
exp

(

qj′ ·km

τ

)

where τ is a temperature parameter that controls the sharp-

ness of the assignment. The training process begins with high

τ values which produce one-hot token assignments before
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transitioning to smoother joint-to-token distributions when

τ reaches its lower values. The training process includes a

gradual reduction of τ values to enhance stability.

Each token Zm ∈ R
d is then obtained as a weighted sum

of joint values:

Zm =
J
∑

j=1

αjmvj

The causal transformer encoder receives the compact token

set M which contains Z1 through ZM to represent the skele-

ton at frame t. The final residual pathway sends the pooled

joint features together with the tokenized representation to

maintain global information when tokens become lost.

Fig. 4. Multi Resolution Causal Temporal Mixing module (MRCTM)
with transformer encoder and gating. The gray region is MRCTM block
with gating.

C. Multi-Resolution Causal Temporal Mixing (MRCTM)

The temporal encoder requires skeleton stream processing

through causal methods which prevent it from accessing any

future frames. The system implements two separate branches

which work together to achieve its functionality. The system

uses depthwise separable convolutions with dilations set to 1,

2, and 4 to detect various time-based patterns which range

from small local movements to extensive motion patterns.

The system implements standard transformer attention fol-

lowed by a mask operation to stop information from leaking

into future time steps for modeling distant relationships. The

system uses an attention-biased gate to combine the outputs

from both branches through learned weights. The output of

this process is calculated as

h = g ⊙ hconv + (1− g)⊙ hattn, g = σ(W [hconv;hattn])

The design achieves training stability through its combi-

nation of motion pattern inductive bias from the conv branch

and global dependency detection from the attention branch.

The MRCTM block in combination with causal multi headed

attention transformer and gate functionality is presented in

the Fig. 4.

D. Transformer Encoder

The model contains L encoder layers which perform

MRCTM fusion followed by feed-forward sublayers and

residual connections and layer normalization. The absolute

positional embeddings function as an addition to maintain the

correct sequence of frames.The encoder contains multiple

causal transformer layers which maintain temporal order

while processing both short-term and long-term joint rela-

tionships.

The input sequence undergoes LayerNorm [27] normaliza-

tion at the start of each layer before the model applies two

parallel processing paths. The first branch contains a causal

multi-head self-attention (MHSA) module [28] which uses

masked queries keys and values to prevent access to future

frames. The first branch uses masked queries keys and values

to detect long-range temporal connections between joints

throughout the sequence. The second branch contains mul-

tiple depthwise separable 1D convolutional layers with dif-

ferent dilation rates (1, 2, 4) which operate as the MRCTM.

The network uses these dilated convolutions to detect motion

patterns at various time scales while maintaining causal

processing. The attention output and convolutional output

merge through a learnable gating system which controls their

weighted combination. The output of the fusion process goes

through a residual connection before another LayerNorm op-

eration. The feed-forward network (FFN) applies two linear

layers with GELU [29] activation and dropout followed by

a residual connection [30]. The encoder processes streaming

skeleton sequences through a combination of causal attention

and dilated convolutions and gated fusion to detect both

detailed local movements and distant relationships.

E. Classification Head

The system performs a linear transformation to obtain

penultimate embeddings from each time step. The final

classification head receives a pooled representation from the

last timestep through mean pooling or last timestep pooling

for its linear classification output to K action classes. The

system includes an auxiliary classification module to identify

between two specific classes (i.e., classes that closely resem-

ble each other) through binary classification supervision.

F. Loss Function

The proposed SAT+MRCTM causal transformer is trained

in a supervised fashion with a combination of classification

and auxiliary regularization terms. The main objective is the

cross-entropy loss [31] between the predicted logits and the

ground-truth class label. Given a batch of B sequences with

labels {yi}
B
i=1

and model outputs {ŷi}
B
i=1

, the cross-entropy

is defined as:

LCE = −
1

B

B
∑

i=1

K
∑

c=1

1(yi = c) log ŷi,c

where K is the number of action classes and ŷi,c is the

predicted probability of class c for sample i.

In addition, SAT introduces a set of M learnable spatial

tokens. To prevent trivial token collapse (all joints mapped
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to a single token), we apply an entropy regularization term

on the attention distributions:

LSAT = −
1

BTM

B
∑

i=1

T
∑

t=1

M
∑

m=1

J
∑

j=1

αijm(t) logαijm(t),

where αijm(t) is the attention weight of joint j for token

m at time t. This term encourages a balanced utilization of

tokens across joints.

For MRCTM, which fuses convolutional and transformer

branches, we employ a feature consistency loss to stabilize

the gating mechanism. Let hconv and hattn denote the interme-

diate features from the convolutional and transformer paths,

respectively. A simple ℓ2 penalty enforces alignment:

LMRCTM = ∥hconv − hattn∥2
2
.

The final training loss is a weighted sum of the above

objectives:

L = LCE + λSATLSAT + λMRCTMLMRCTM

where λSAT and λMRCTM control the strength of auxiliary

regularization. In our experiments, we set λSAT = 0.01 and

λMRCTM = 0.05, which provided a good trade-off between

classification accuracy and stable tokenization.

In addition to this, we also consider last value loss for

online recognition case because it helps in stable output

classes. This is applied for the final loss of GoHar-12 online

training and evaluation. The final loss is a weighted sum of

both terms:

L = λLlast + Lpool

where λ balances stability and online responsiveness which

is set to 0.2.

Fig. 5. Two samples from the GoHar-12 dataset. Top row belongs to
Come_here class and bottom row is Waving.

IV. EXPERIMENTS

A. GoHAR-12 Dataset Collection

The GoHAR-12 dataset (Gesture-oriented Human Action

Recognition, 12 classes) serves as our evaluation tool to

assess online human-robot interaction performance. We in-

troduce a new GoHAR-12 dataset for high level control of the

Unitree Go1 quadruped robot. We record the RGB+D videos

of 10 participants performing twelve robot-controllable ac-

tions using two realsense cameras. Once the dataset is cap-

tured, we process through the RTMW-3D pose [32] system

which generated accurate 3D whole-body coco [33] joint data

representation.

TABLE I

ACTION CLASSES IN THE GOHAR-12 DATASET. EACH ACTION

CORRESPONDS TO A DISTINCT HUMAN COMMAND FOR CONTROLLING

THE UNITREE GO1 QUADRUPED ROBOT.

ID Action Class No. of Seqs.

0 Waving 330
1 Stop 340
2 Come_here 330
3 Follow_me 330
4 Pointing_to_sit 340
5 Turn_right 330
6 Turn_left 330
7 Move_back 330
8 Stay_here 340
9 Rotate_clockwise 330

10 Rotate_anticlock 330
11 Idle_background 340

Then we manually label all recorded data to achieve high

accuracy in their annotations. The dataset received multiple

rounds of data augmentation through spatial jittering, tempo-

ral scaling, mirroring, random occlusion, random viewpoint

rotation (±60°), Gaussian noise application. The dataset con-

tains diverse content which replicates natural human-robot

interactions through different viewing angles and human

physical characteristics and movement speeds. The dataset

contains 4000 sequences with frames ranging from 60 to

150 in each clip which distribute evenly across the twelve

action categories. From the dataset, we randomly split 785

sequences for evaluation and 3215 sequences for training. We

plan to release GoHAR-12 as a public resource to enable

additional studies about robot-oriented action recognition.

The samples skeleton sequences of two different classes can

be observed in Fig 5.

B. Standard Benchmark Evaluation

The model receives benchmark testing through evalua-

tion on three prominent skeleton-based action recognition

datasets which include NTU RGB+D 60 [12] and NTU

RGB+D 120 [15] and NW-UCLA [13] Multiview Action3D.

The NTU RGB+D 60 dataset contains 60 actions from

40 subjects across 56,000+ sequences while following two

evaluation protocols: X-Sub for participant separation and X-

View for 120 dataset contains 120 action categories with 106

participants and more than 114,000 sequences while camera-

1 testing against cameras 2 and 3 training. The NTU RGB+D

120 using X-Sub and X-Set evaluation protocols for testing

and training. The NW-UCLA Multiview Action3D dataset

contains 1494 sequences of 10 action classes which Kinect

cameras record from three different viewpoints. The training

process uses two camera views before testing with the third

camera view under the common protocol.

C. Training Details

The AdamW optimizer [38] trains the model with 3×10−4

learning rate and 1 × 10−4 weight decay under cosine

scheduling with warmup. The NTU-60/120 and GoHAR-12

datasets use batch sizes of 64 while NW-UCLA requires 32
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TABLE II

COMPARISON WITH STATE-OF-THE-ART METHODS ON NTU RGB+D 60, NTU RGB+D 120, AND NW-UCLA DATASETS.

Arch. Method NTU-60 NTU-120 NW-UCLA Params

X-Sub X-View X-Sub X-Set Acc. Millions (M)

Graph Conv.

ST-GCN [1] 81.5 88.3 70.7 73.2 - 3.08

2S-AGCN [2] 88.5 95.1 82.5 84.2 - -

Shift-GCN [34] 90.7 96.5 85.9 87.6 94.6 2.76

Info-GCN [17] 93.0 97.1 89.8 91.2 97.0 6.28

HD-GCN [19] 93.4 97.2 90.1 91.6 97.2 6.72

Transformer

ST-TR [8] 89.9 96.1 81.9 84.1 -

IIP-TR [35] 92.3 96.4 88.4 89.7 -

FG-STFormer [36] 92.6 96.7 89.0 90.6 97.0 -

IGFormer [37] 93.4 96.5 85.4 86.5 - -

Hyperformer [10] 92.9 96.5 89.9 91.3 96.9 2.60

Skateformer [23] 93.5 97.8 89.8 91.4 98.3 -

AutoregAd-HGformer [11] 94.15 97.83 91.02 92.42 97.98 3.20

Ours SAT+MRCTM-Transformer 93.85 97.3 89.9 91.42 98.3 2.01

due to its limited size. The evaluation process requires two

testing conditions which include Causal training with 30-

frame sliding windows for online recognition and Non-causal

training on complete sequences for offline evaluation against

current best results. The NTU datasets use 25-joint data

while NW-UCLA and GoHAR-12 depend on the COCO-

WholeBody 59-joint subset. The NTU model has 6 trans-

former layers (i.e, L) but NW-UCLA and GoHAR-12 models

use 2 layers each during training for 50 and 100 epochs with

early stopping based on peak validation accuracy. The model

processes full sequences directly for NTU and NW-UCLA

benchmarks to match previous research while maintaining

real-time GoHAR-12 robot control through causal streaming.

D. Evaluation Metrics

The evaluation process for all datasets uses top-1 classifi-

cation accuracy on their test data. The evaluation of GoHAR-

12 includes precision and recall measurements for each class

to assess the reliability of essential high level commands

between Pointing to sit and Stay here. The results from

NTU-60/120 and NW-UCLA Multiview Action3D receive

evaluation against current state-of-the-art methods in the

field.

E. Offline Evaluation

As we do not have more than two views in the GoHar-

12 dataset, we perform only the cross subject evaluation

on our dataset. The Spatial Attention Tokenization (SAT)

and Multi-Resolution Causal Temporal Mixing (MRCTM)

modules in our model achieve a top-1 accuracy of 98.4%

for cross subject evaluation.

The proposed method undergoes evaluation on NTU-

RGB+D 60 and 120 datasets which represent the lead-

ing large-scale skeleton action recognition benchmarks. The

model demonstrates performance of 93.85% accuracy when

tested on NTU-60 data through both X-Sub and 97.3% X-

View evaluation protocols.

The model demonstrates good performance on NTU-120

by achieving 89.9% accuracy in the X-Sub protocol and

91.42% accuracy in the X-Set protocol which indicates

its ability to handle extensive class sets and intricate body

movements.

The NW-UCLA dataset contains 10 action classes

recorded from three camera angles where our model reaches

98.3% X-View accuracy. The causal transformer backbone

provides reliable predictions.

F. Comparison with the State-of-the-Art Methods

The comparison results against state-of-the-art methods

include high impact works from very early stages including

GCN and transformer-based models are presented in Table II.

The SAT and MRCTM integration enables our system to

handle both inter-subject variations and small pose uncertain-

ties which previous transformer-based models struggled to

address. Although, the model does not outperform the state-

of-the-art works in NTU-RGB+D datasets, we can still see

that it is inline with the recent models. On the NW-UCLA

dataset, our network outperforms the current state-of-the-art

works.

1) Discussion: Our model achieves results that match

recent high-performing architectures on NTU-RGB+D 60

and 120 benchmarks although it does not reach absolute

state-of-the-art levels. Our proposed design achieves better

results than all previous state-of-the-art methods on the NW-

UCLA dataset. The majority of previous research on NTU-

RGB+D and NW-UCLA used offline recognition models that

require complete sequence observation before classification.

The methods lack real-time deployment capability for robotic

interaction because they need complete sequence data access.

Our architecture combines causal modeling with SAT tok-

enization and MRCTM mixing to perform online streaming

recognition which enables real-time decision-making for

controlling quadruped robots.

G. Online Evaluation Setup

The proposed action recognition framework is tested on

the Unitree Go1 quadruped robot for online evaluation. The

Intel RealSense camera installed on the robot recorded RGB

video streams of people who interacted with it. The RTMW-

3D [32] pose estimation pipeline processed incoming video

frames to obtain normalized 3D skeletal joints. We use depth
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TABLE III

ABLATION RESULTS (% TOP-1 ACCURACY) ON GOHAR-12

(CROSS-SUBJECT) AND NW-UCLA (CROSS-VIEW). SAT = SPATIAL

ATTENTION TOKENIZATION, MRCTM = MULTI-RESOLUTION CAUSAL

TEMPORAL MIXING, DWCONV = DEPTHWISE CAUSAL CONVOLUTION.

Model Variant GoHAR-12 NW-UCLA

Baseline Transformer 90.3 88.5
+ SAT only 95.2 92.7
+ MRCTM only 94.1 94.3
+ DWConv only 92.8 90.5
+ SAT + MRCTM (no DWConv) 96.7 96.2
+ SAT + DWConv (no MRCTM) 96.0 94.8
+ MRCTM + DWConv (no SAT) 94.9 95.1
Full Model 98.4 98.3

data with skeleton information to produce camera-based 3D

coordinates with whole-body representation that use 59 joints

according to the COCO-WholeBody format.

The proposed SAT+MRCTM Causal Transformer archi-

tecture processed the 3D keypoints for real-time action

recognition with DeepSORT+ReID [39], [40] network to

track subjects and avoid misclassifications. The model pro-

cessed each 30-frame temporal clip to generate recognition

logits throughout the entire sequence. The per-window ac-

curacy calculation used the following the final decision for

that specific clip.

The system measured online recognition accuracy through

clip-based evaluation by comparing formula:

Accwin =
1

N

N
∑

i=1

1[ŷi = yi],

The total number of evaluated clips receives the symbol N

in this formula.

The evaluation process followed these steps. The test

participants completed five randomly chosen actions five

times each during the evaluation process. We recorded and

performed manual verification to determine the correct error

rate measurement.

The proposed framework achieved a 95.3% average online

recognition rate while maintaining a 34 ms (29 fps) per-

window latency (for end-to-end architecture) during real-time

operation on a single NVIDIA RTX 3060 6GB GPU. The

system achieved above 90% accuracy for all actions while

showing exceptional performance in detecting locomotion-

based gestures including walk, turn, and stay. The system

achieved 91.8% accuracy for pointing to sit gestures but

struggled with these gestures because of partial body cov-

erage and similar movement patterns between actions. We

achieve this with just 2.01 million parameters compared to

the existing works with over 2.6 million parameters. We plan

to release the dataset via OrchidID after the blind review

process to avoid any complications.

V. ABLATION STUDY

The ablation study of proposed modules on GoHAR-

12 data reveals their individual contributions while the

NW-UCLA dataset demonstrates these trends because of

its small size and architectural sensitivity. The evaluation

assesses three components separately which include SA)

and MRCTM and depthwise causal convolution (DWConv)

branch. The complete model implements all three compo-

nents inside a causal transformer architecture.

1) Setup: The training process for each variant follows the

exact parameters which the main experiments used (AdamW

optimizer and 300 epochs and cosine learning rate schedule).

The evaluation of top-1 accuracy uses three random seeds

to minimize experimental results variability. The evaluation

of GoHAR-12 uses cross-subject testing while NW-UCLA

requires cross-view testing.

2) Results and Discussions: The results are presented

in Table III. The accuracy drops substantially when SAT

is removed because the model needs tokenized attention

to distinguish between the similar actions of pointing-to-

sit and stay-here on GoHAR-12. The removal of MRCTM

results in reduced robustness on NW-UCLA because the

multi-resolution dilations help maintain recognition stability

when dealing with motions of different lengths. The removal

of DWConv results in a minor decrease in performance

which indicates that local temporal filtering enhances the

transformer’s global modeling capabilities. The complete

model achieves the best results in both datasets which

demonstrates that each component enhances the network’s

ability to recognize and maintain stability in its output.

The ablation test shows SAT stands as the essential

element for learning discriminative spatial information yet

MRCTM improves temporal generalization and DWConv

adds local refinement capabilities. The combined effect of

these components results in substantial performance im-

provements with better stability across different datasets.

VI. CONCLUSIONS

This research introduces a new causal transformer system

which combines Spatial-Attention Tokenization (SAT) with

the Multi-Resolution Causal-Temporal Module (MRCTM) to

perform skeleton-based online action recognition. A dual-

head output system that produces last-timestep logits for

online recognition and pooled logits for offline stability.

The model design enables both strong causal prediction

performance and reliable sequence-level accuracy through its

combined architecture.

The proposed architecture received testing on our GoHAR-

12 dataset and three other benchmark datasets including

NTU-RGB+D 60 and NTU-RGB+D 120 and NW-UCLA.

The model achieved a recognition accuracy of 98.4% when

tested on GoHar-12 dataset through offline evaluation meth-

ods and 95.3% through online. The model achieved state-

of-the-art recognition results on the NTU-RGB+D 60, the

NTU-RGB+D 120 and the NW-UCLA benchmarks.

The proposed architecture demonstrates excellent perfor-

mance for interactive robotic action recognition because it

provides both fast causal inference and reliable recognition

stability. The framework needs future development to include

facial expressions and gaze cues and hand-object interac-

tion features as additional modalities. The integration of
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additional multimodal signals will lead to improved action

understanding and intention prediction which will enhance

safe and natural human-robot interaction in collaborative

spaces.
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