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Abstract

Fine-grained action detection remains a challenging and actively studied problem. While
previous methods predominantly rely on convolutional neural networks (CNNSs), their
limited modeling capacity and high computational cost restrict their effectiveness in fine-
grained settings. To overcome these challenges, we propose Action-JointsLLM, a novel
framework that leverages joints extracted from visual data and large language models
(LLMSs) for accurate and efficient fine-grained action detection. Specifically, we introduce a
Joint2Text module that transforms sequences of human joints into natural language descrip-
tions, enabling direct compatibility with LLMs. Additionally, we design an attn-pooling
mechanism to identify the contributions of each joint and time step across the motion
sequence, enabling more accurate action analysis. Our approach demonstrates strong gen-
eralization across different LLM backbones and achieves state-of-the-art performance on
the PD-WALK dataset, using Parkinson’s disease detection as a representative fine-grained
action recognition task.

Keywords: fine-grained action recognition; transformer-based visual task; large language
models

1. Introduction

Fine-grained action detection refers to the subtle and precise recognition of action
sequences, with wide applications in fields such as medical diagnostics and sports behavior
analysis, where it holds significant research value. Unlike standard action recognition or
classification, fine-grained detection emphasizes the perception and analysis of localized
differences within the same action category. This form of recognition is inherently more com-
plex and imposes heightened demands on feature extraction and processing mechanisms.

Despite its unique challenges, fine-grained detection also relies on standard action
recognition architectures, typically comprising a vision backbone followed by a classifier
(Figure 1a). Historically, CNN-based approaches [1-6] dominated this field. However, while
effective for coarse categories, they often struggle to capture the subtle spatio-temporal nu-
ances essential for fine-grained detection. Although auxiliary techniques like optical flow [3]
can enhance sensitivity, their prohibitive computational costs restrict practical applicability.
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Figure 1. Frameworks for fine-grained action detection. (a) A classic action detection framework.
(b) The ST-GCNs method framework. (c) The Joint2Text module. (d) The Action-JointsLLM framework.

The rise of Transformer architectures [7] and their extension into the visual domain
through Vision Transformer (ViT) [8] have led to the development of numerous Transformer-
based visual models (hereafter referred to as VisionT) [9-13]. These VisionT models have
demonstrated performance comparable to, or even exceeding, that of CNN in action
detection, making them promising candidates for the framework in Figure 1a. Nevertheless,
VisionT models typically prioritize global semantic features for general recognition while
often overlooking critical high-frequency local details, such as subtle kinematic variations.
Moreover, their heavy reliance on massive pre-training data is incompatible with the scarcity
of specialized fine-grained datasets. Consequently, although they effectively recognize
coarse-grained actions, they struggle to identify fine-grained differences across individuals,
a limitation empirically supported by our preliminary analysis in Appendix A.

These findings indicate that the performance bottleneck in the framework (Figure 1a)
may not stem from the backbone (e.g., CNN or VisionT) itself, but rather from the frame-
work’s overall design, which may be suboptimal for fine-grained motion understand-
ing. An alternative framework is the Spatio-Temporal Graph Convolutional Networks
(ST-GCNs) method [14-16], as illustrated in Figure 1b. This approach leverages pose es-
timation [17,18] to convert subjects into joint sequences and applies ST-GCNs to capture
their spatio-temporal dynamics. By abstracting away visual redundancies (e.g., clothing,
background) and focusing on joint trajectories—around which human motion is naturally
organized—ST-GCNs offer improved sensitivity to subtle movement variations. Mean-
while, the success of VisionT has overshadowed the potential of Transformer-based large
language models (LLMs) in visual domains. Recently, these LLMs have shown strong rea-
soning abilities [19-27], including in fine-grained medical tasks that involve clinical scores
or diagnostic dialogues as input [28-31], highlighting their potential for complex action
understanding. Motivated by these insights, we propose Action-JointsLLM (Figure 1d),
a novel framework that integrates joint sequences derived from the visual modality into
LLMs to enable efficient and accurate fine-grained action detection. The main contributions
of this paper are as follows:

¢ We introduce Action-JointsLLM, a novel framework that applies pre-trained
Transformer-based LLMs to visual-domain motion analysis, marking a new paradigm
for fine-grained action detection.
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*  We design a Joint2Text module that converts joint sequences into natural language
descriptions, thereby enabling LLMs to perform fine-grained action reasoning on
cross-modal visual data.

¢  We incorporate an attn-pooling mechanism to dynamically weight the importance
of different joints and frames within a sequence, enabling the framework to gen-
erate a unified representation that comprehensively reflects each joint and frame’s
contribution for more effective perception of overall motion.

e  Extensive experiments on a Parkinson’s disease benchmark (PD-WALK) demonstrate
the effectiveness of our approach, achieving state-of-the-art performance and further
show strong robustness across multiple LLM backbones.

2. Related Work
2.1. Large Language Models (LLMs)

LLMs have attracted substantial attention due to their strong generalization capa-
bilities across a wide range of NLP tasks [20,24]. Pre-trained on massive text corpora
using autoregressive objectives, these models can generate coherent text, perform rea-
soning, and adapt to various downstream tasks through techniques such as fine-tuning.
By reformatting data to align with the input structure of LLMs, they can be effectively
applied to domain-specific tasks in areas such as sports, healthcare, and human motion
analysis [28,32,33].

2.2. Feature Processing in Transformer

Transformer-based models typically output a last_hidden_state of shape [batch,
seq, dim], representing the full token sequence. Refs. [34,35] have shown that information
within this sequence is often unevenly distributed, with a significant portion concentrated
on a few key tokens. To reduce computational cost and dimensionality, it is common to
compress the output into a unified vector. Common strategies include prepending a special
<CLS> token [36] to the input, where the corresponding output serves as the sequence
representation (Figure 2a), and mean-pooling [37], which averages all token embeddings
to produce a global feature representation (Figure 2b). However, these strategies often
overlook the complex dynamics of human motion, where the contribution of different
body parts varies dynamically over time and across different individuals. To mitigate this
dilution of critical motion cues, we employ an attn-pooling mechanism to explicitly weigh
these spatiotemporal features, ensuring more precise action reasoning.

Frame i Frame j
HEEEEDEE . .
o5 18—6—92 o5 19—0—92
° y )
mean 3 4 g 3 4 g
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mean > x learnable attn-weight
(b) Mean-Pooling (c) Attn-Pooling

Figure 2. The compression methods of (a) <CLS> token, (b) mean-pooling and (c) attn-pooling. i3
denotes the token sequence of 3rd joint in Frame i, and i10 and j3 follow the same notation.
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2.3. Transformer-Based Action Detection

Transformer architectures have been extensively adapted for action detection. Previ-
ous studies [38—40] have integrated textual concepts into VisionT by employing natural
language to guide motion feature learning or to generate captions corresponding to visual
inputs. However, their semantic alignment remains coarse-grained and still overlooks
high-frequency kinematic details. Consequently, skeleton data remains a pivotal modality
for fine-grained detection. Methods like MotionBERT [41] apply Transformers directly
to skeleton sequences. Analogous to spatio-temporal convolutions in ST-GCNs, these
models extract latent features via spatio-temporal attention. While effective at capturing
body-part details, they fundamentally treat motion as numerical sequences rather than
reasoning about fine-grained kinematic nuances. Distinct from these paradigms, our ap-
proach addresses these limitations by serializing fine-grained joint sequences into a “motion
language” and leveraging the powerful reasoning capabilities of LLMs to efficiently detect
subtle variations during motion (Table 1).

Table 1. Comparison of Action-JointsLLM with existing action recognition paradigms. Our Action-
JointsLLM uniquely integrates fine-grained kinematic capture with semantic reasoning capabilities.
v indicates that the method possesses this capability, while X indicates that it does not.

. Fine-Grained Semantic
Paradigm Method Recognition Understanding
CNN-based ST-GCNs [14] v X
ActionCLIP [38] X v
Transformer-based MotionBERT [41] v X
Action-JointsLLM (Ours) v v

3. Research Scenario and Dataset
3.1. Research Scenario in Action-JointsLLM

To better support fine-grained action detection, we focus on Parkinson’s disease (PD)
as the primary research scenario in this paper for the following two reasons. First, PD
detection requires inherently fine-grained analysis, as diagnosis depends on detecting
subtle deviations from normal movement patterns within the same action category. For
instance, a PD motion Mpp can be conceptualized as M, + 6, where J represents the
anomaly. This characteristic renders PD an ideal case for studying fine-grained action
detection. Second, the societal demand is considerable. As a prevalent neurodegenerative
disorder, PD has seen a continuous increase in incidence, disability, and mortality over
recent decades [42]. While conventional approaches (e.g., rating scales and sensors) provide
reliable results, their cost and limited accessibility underscore the importance of developing
vision-based, fine-grained detection methods for broader clinical use.

3.2. Dataset in Action-JointsLLM

The PD-WALK dataset [15], a representative joint-based dataset for fine-grained ac-
tions characteristic of PD, is collected in clinical settings and annotated by qualified medical
professionals. Specifically, it comprises walking videos from 96 PD patients and 95 healthy
controls, with each sample assigned a binary label (0 or 1). With appropriate authorization,
we utilize this dataset for experimental analysis. During dataset construction, each motion
video is segmented into clips, and human pose estimation is applied to each frame to
obtain skeletal representations in the COCO-Pose [43] format. Each clip is represented as a
tensor of shape [T, 17, 3], where T is the number of frames, 17 corresponds to body joints,
and the final dimension contains the x and y coordinates along with the confidence score.
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After preliminary screening and basic preprocessing, we obtained a total of 9931 usable
skeletal sequences.

4. Method
4.1. Joint2Text

To make skeleton joint sequences compatible with LLMs, we propose a Joint2Text
module that converts them into natural language descriptions (Figure 1c). The module
comprises three main steps—sliding sampling, optimization, and reconstruction—which
collectively perform resampling of the original data, joint selection and refinement, and the
generation of new textual descriptions.

4.1.1. Sliding Sampling

Each raw sample typically contains 72 frames, with 17 joints per frame, resulting in
high-dimensional and lengthy sequences that are unsuitable for direct input into models
like Llama [21,23,24,26]. To address this, a sliding sampling strategy is employed to regulate
the number of frames in each constructed sample. As illustrated in Figure 3a, a window
of size N slides across the sequence to extract fixed-length clips. A stride parameter is
introduced to enable data augmentation. When the stride is smaller than N, overlapping
windows generate additional samples and promote the learning of intra-group similarities
during training.
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Figure 3. Key components of Joint2Text. (a) The sampling procedure for constructing new samples.
(b) Visualization of joints and their corresponding indices. (c) The reconstruction process of a
complete sample.

4.1.2. Optimization

In this paper, we focus on postural movements of the arms and legs while placing
less emphasis on head motion. As illustrated in Figure 3b, five head-related joints (eyes,
ears, and nose) are excluded. To better represent overall body posture, the midpoint of
the left and right shoulders is computed and used as the center of body (Equation (1)),
where SKE!,,..(x,y) denotes the (x, y) coordinates of joint name at frame t. In this case, the
coordinates of the body center SKE!,,,..(x, ) are obtained by averaging the coordinates of
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the two shoulders. The skeletal sequences are then normalized. Let P € RX*V*2 represent
a sample with K frames and V joints per frame. The mean and variance of joint coordinates
are computed per frame (Equation (2) and (3)), where k € {1,2,...,K} denotes the frame
indexand v € {1,2,..., V} denotes the joint index. A small constant € is added to prevent
division by zero. The final normalized coordinates are calculated using Equation (4),
ensuring zero mean and unit variance per frame, thereby improving model stability during
training. After processing, each frame contains 13 joints, which are re-indexed and relabeled
as illustrated in Figure 3b.

1
SKEéenter (X, y) - 5 (SKEtLShoulder(x/ y) + SKEf?Shoulder(xl y)) (1)
1V
M= 2 Pro )
v=1
1 L 2
0k = n| 7 2| Pro —mi|” + e ©)
4 v=1
A Pk v~ Mg
P, =52 Ik 4
ko ) ( )
4.1.3. Reconstruction
Finally, each sample is formatted as a dictionary: {‘text’: ..., ‘label’: ...}.

As illustrated in Figure 3¢, the ‘text’ field encodes a temporal textual description de-
rived from K frames of joint data. For each frame, the description includes joint names
followed by their (x,y) coordinates, arranged following a predefined indexing scheme.
These per-frame descriptions are concatenated in chronological order to form the complete
‘text’ sequence. A task-specific prompt—such as ‘Question: Does this person have
Parkinson’s disease?’—is appended to the end of the sequence to guide the model
toward the detection task.

4.1.4. Design Principles

To ensure the robustness and effectiveness of the Joint2Text, our design choices are
grounded in the following rationale:

*  Joint Selection: We specifically excluded five head-related keypoints (eyes, ears, and
nose) to eliminate high-frequency jitter often introduced by pose estimators. This
directs the model’s focus to core body joints, which possess the most significant
diagnostic value for identifying PD-related motor symptoms.

*  Normalization: The normalization strategy aims to decouple action semantics from the
camera viewpoint. By enforcing zero mean and unit variance per frame, the LLMs
process relative motion patterns rather than absolute pixel coordinates, avoiding errors
arising from changes in camera perspective.

o Textual Format Encoding: The encoding method used in reconstruction binds each joint
coordinate with a corresponding joint name. This aligns numerical motion data with
the LLM’s pre-trained knowledge of human anatomy, facilitating a more efficient
reasoning process compared to processing raw numerical sequences.

4.2. Action-JointsLLM

As illustrated in Figure 1d, following the Joint2Text module, we propose a novel Action-
JointsLLM framework comprising two key stages: (1) fine-tuning the pre-trained LLMs on the
reconstructed dataset, and (2) performing action classification on the LLMs-extracted features,
which are effectively compressed by our proposed attn-pooling mechanism.

https:/ /doi.org/10.3390/app16020802
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4.2.1. Fine-Tuning LLMs

To reduce computational costs during the fine-tuning of LLMs, we adopt the
Low-Rank Adaptation (LoRA) technique [44]. Since transformer-based LLMs such as
Llama [21,23,24,26] rely heavily on self-attention mechanisms, LoORA modules are inserted
into key components of the attention blocks, specifically the q_proj, k_proj, v_proj,
and o_proj layers. As illustrated in Figure 4 (left), the majority of the original LLM
remains frozen during fine-tuning, with updates restricted to the low-rank modules
(A and B). This results in a highly efficient training process, updating only 0.15-0.25%
of the total trainable parameters (Table 2), thereby substantially reducing the demand for
computational resources.

last_hidden_state l

attn-pooling m coe m

LIM| |  #

Classifier

(o)

Figure 4. Model architecture of Action-JointsLLM. The left panel illustrates the LoRA-based fine-
tuning process of the LLM, while the right panel depicts the feature processing and classification
pipeline incorporating attn-pooling. The symbols used to indicate frozen, fine-tuned, and trained
components are consistent with those in Figure 1.

Table 2. The parameters in Action-JointsLLM. Total Params include backbone, LoRA, attn-pooling
and classifier, Trainable Params denote the number of parameters updated during training, while Ratio
indicates the proportion of trainable parameters relative to the total number of model parameters.

Backbone Total Params Trainable Params Ratio (%)
Llama2-7B 6.62 B 16.79 M 0.25
Llama3-8B 7.52 B 1522 M 0.20
Qwen2-7B 7.08 B 11.48M 0.16
Qwen3-8B 7.58 B 16.07 M 0.21

4.2.2. Classifier and Feature Processing

To perform downstream classification, the features extracted by LLMs must be further
processed. In fine-grained action detection, we employ a classifier composed of several
linear layers and activation functions that map the features to class logits. As discussed
in Section 2.2, these features require effective compression before classification. A major
challenge in fine-grained action detection is the unequal importance of different joints and
time steps (frames). However, the <CLS> token and mean-pooling may fail to capture the
varying importance of different tokens, thereby limiting the model’s capacity to compre-
hensively evaluate the motion sequence. This motivates the adoption of the proposed
attn-pooling mechanism.

https:/ /doi.org/10.3390/app16020802


https://doi.org/10.3390/app16020802

Appl. Sci. 2026, 16, 802

8of 17

4.2.3. Attn-Pooling

To address the challenges discussed in Section 4.2.2, inspired by [45], we propose
attn-pooling. However, distinct from the initial purpose of [45], where importance scores
are computed primarily to enhance inference efficiency, the objective of our attn-pooling
is to adaptively learn a specific weight for each input token. By prioritizing tokens that
represent active motion features during the aggregation into a unified vector representation,
our method accurately captures the unequal contributions from different joints and frames.

Figure 2c illustrates the fundamental mechanism of our attn-pooling, where Frame
i and Frame j represent skeletal data at distinct timestamps. In practice, although the
representation of a single joint consists of a sequence of multiple tokens (as detailed
in Figure 3c), we depict it as a single token block in this figure for clarity and visual
simplification. During the compression process, learnable weights are assigned to each
token individually, enabling the model to capture fine-grained variations at the token level.
In this paper, we denote these learnable weights as attn-weight.

The right panel of Figure 4 illustrates the computation of attn-weights within the
Action-JointsLLM framework. For notational clarity, we assume a batch size of 1 and
denote the last_hidden_state as H € R®*¢, where s is the sequence length and d is the
feature dimension. This feature sequence is passed through a lightweight, learnable multi-
layer perceptron (MLP) tailored for this task. During training, the MLP learns a scalar score
I for each token via projection and activation functions. Specifically, taking the i-th token as
an example, its corresponding feature vector h; € R is processed by the MLP to yield a
raw score /; (Equation (5)). It is important to note that invalid or placeholder tokens may
be present in the LLM output. To address this, we implement a score masking strategy
(Equations (6) and (7)). As defined in Equation (6), any invalid token is assigned a score of
—oo, ensuring that its contribution approaches zero after the subsequent Softmax, thereby
effectively masking it. Let // denote the updated score for token i, and L’ (in Equation (7))
represent the vector containing the updated scores for the entire sequence. As shown in
Equation (8), L’ is then normalized via Softmax to yield the final attn-weights vector z,
which quantifies the relative importance of each token.

I; = MLP(h;) ®)

’ l; i-th token ©)
—oo invalid token
L =[5 ..,01" )

z = softmax(L’) 8)

Equation (9) formulates the final pooling process. Let a; € z denote the attn-weight
assigned to the i-th token. The feature vector h; corresponding to this token is aggregated
based on &; to yield the final unified vector representation u, which serves as the input for
subsequent classifier training.

s
u= Z Déihi (9)
i=1

5. Experimental Results and Discussion

To evaluate the performance of our Action-JointsLLM framework and its key compo-
nents, we conduct extensive experiments using various pre-trained LLMs as backbone, in-
cluding Llama2-7B URL: https:/ /huggingface.co/meta-llama/Llama-2-7b-hf (accessed on
8 January 2026), L1ama3-8B URL: https:/ /huggingface.co/meta-llama/Meta-Llama-3-8B

https:/ /doi.org/10.3390/app16020802
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(accessed on 8 January 2026), Qwen2-7B URL: https:/ /huggingface.co/Qwen/Qwen2-7B
(accessed on 8 January 2026) and Qwen3-8B URL: https://huggingface.co/Qwen/Qwen3
-8B (accessed on 8 January 2026). To mitigate computational costs and ensure conver-
gence, we employed LoRA fine-tuning (Rank = 8, alpha = 16, dropout = 0.05) and each
model is trained on 4 RTX3090 GPUs (1r = 1 x 107>, batch_size = 2, epoch = 20). The
main results are summarized in Table 3. The experiments demonstrate that the proposed
Action-JointsLLM achieves consistently strong performance across all evaluated backbone
architectures, underscoring its effectiveness and robustness. In the following subsections,
we provide a detailed discussion of each key component.

Table 3. Results of Action-JointsLLM with various LLM backbones under different settings of N and
stride. X in the Stride column denotes ‘no stride’.

Backbone N Stride F1-Score Accuracy (%)
24 X 0.87 86.44
Llama2-7B N/2 0.92 93.11
ama 18 X 091 91.44
N/2 0.95 95.63
24 X 091 90.74
N/2 0.92 93.24
Llama3-8B " X 092 o1
N/2 0.96 96.49
24 X 0.88 89.26
Qwen2-7B N/2 0.93 93.32
18 X 0.89 90.43
N/2 0.93 93.67
24 X 0.84 83.36
N/2 0.89 90.34
Qwen3-8B " X 090 e
N/2 0.89 88.78

5.1. Sliding Size (N) and Stride in Joint2Text

We consider two critical parameters in the Joint2Text module: sliding size (N) and
stride. Specifically, we use sizes of 24 and 18, and evaluate two stride strategies—‘no
stride’ and ‘stride = N/2’—to assess their impact. As shown in Table 3, selecting a
smaller size (N) effectively increases the number of samples, thereby enhancing model
performance under identical training conditions. Furthermore, across all backbone ar-
chitectures, the model consistently outperforms the ‘no stride’ configuration when the
‘stride = N/2’ is applied. This indicates that capturing intra-group similarities during
training significantly improves the model’s performance.

5.2. Ablation for Textual Prompt

To assess the contribution of the textual prompt in the data construction process, we
conduct an ablation experiment with a sequence length of N = 72. Under this condition,
the length of a single constructed data sequence exceeds the input capacity of the LLMs.
Consequently, the model only has access to joint information and is unable to incorpo-
rate the textual prompt during training. The experimental results, presented in Table 4,
reveal a significant performance drop when the prompt is excluded. This finding under-
scores the critical role of the textual prompt in guiding the model to interpret the skeletal
data correctly.

https:/ /doi.org/10.3390/app16020802
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Table 4. Ablation study on the effect of the textual prompt. N = 72 indicates the absence of textual
prompt information. All results are generated under the ‘no-stride’ setting.

Backbone N Stride F1-Score Accuracy (%)
Llama2-7B 72 X 0.83 82.73
Llama3-8B 72 X 0.83 84.74
Qwen2-7B 72 X 0.80 82.78
Qwen3-8B 72 X 0.78 79.92
Llama2-7B 24 X 0.87 86.44
Llama3-8B 24 X 0.91 90.74
Qwen2-7B 24 X 0.88 89.26
Qwen3-8B 24 X 0.84 83.36

5.3. Ablation for Attn-Pooling

We further demonstrate the effectiveness of the proposed attn-pooling mechanism.
As presented in Table 5, an ablation study performed on Llama-based backbone models
reveals that replacing attn-pooling with simple mean-pooling results in a significant decline
in performance. This confirms that different frames and joints contribute unequally to
the overall movement patterns. The attn-pooling mechanism enables the model to assign
relative importance (weights) to each component, integrate these weights into the unified
vector representation, and more effectively capture the subtle nuances of overall motion.

Table 5. Ablation study on the effect of attn-pooling using Llama as the backbone. v indicates the
use of attn-pooling, while X (mean) denotes mean-pooling. All results are generated under the
‘no-stride’ setting.

Backbone Attn-Pooling N (Stride) F1-Score Accuracy (%)
24 (X) 0.74 72.75
Llama2-7B X mean) 18 (X) 0.73 73.82
v/ 24 (X) 0.87 86.44
18 (X) 0.91 91.44
24 (X) 0.74 71.14
Llama3-8B X (mea) 18 (X) 0.74 74.52
v 24 (X) 0.91 90.74
18 (X) 0.92 91.44

To explicitly visualize these dynamic contributions, we aggregated the attention
weights associated with tokens representing different frames and joints, conducting visu-
alization analyses in both temporal and spatial domains, respectively. Figure 5 illustrates
the results of the temporal visualization analysis. We use data processed with N = 18
and ‘stride = ¥/2’,randomly selecting 3 PD patients and 3 healthy controls. It can be
observed that PD patients exhibit distinct motion anomalies at specific moments during
locomotion. Consequently, the model assigns significantly higher attention weights to
these timestamps; the prominent peaks in the red lines correspond to instances of abnormal
actions. In contrast, since healthy controls maintain a relatively stable gait, the attention
distribution remains comparatively uniform (blue lines). Figure 6 presents the visualization
analysis in the spatial domain. Distinct differences can be observed in the model’s attention
focus on anatomical joints. Specifically, the main trunk (e.g., shoulders) of PD patients
tends to be rigid with minimal variation; thus, the model pays less attention to these areas
compared to healthy controls. Conversely, due to tremors in the extremities, the model
exhibits higher attention levels at joints such as the elbows and ankles in PD patients.

https:/ /doi.org/10.3390/app16020802
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Figure 5. Temporal visualization analysis of attn-pooling mechanism. The red lines represent the
frame-wise attention weights for PD patients, while the blue lines represent healthy controls. 3
representative samples are displayed for each group. The distinct peaks in the red lines indicate
specific moments where the model focuses on abnormal motion patterns.
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Figure 6. Spatial visualization analysis of attn-pooling mechanism. The red bars represent the spatial
attention weights on different anatomical parts for PD patients, and the blue bars represent healthy
controls. Note that bilateral joints (left and right sides) are aggregated, and the center positioning
joint is excluded for clearer visualization.

5.4. Comparison with Prior Works

To further illustrate the effectiveness of our model, beyond the backbone comparison
in Table 3, we compare our method with previous state-of-the-art approaches evaluated
on the PD-WALK dataset [15]. The results are presented in Table 6. While the original
STGCN method [14] provides a reasonable performance baseline, the method proposed
in [15] demonstrates marked improvements by dividing joints into Local connections and
Global connections branches, enabling a more comprehensive assessment of each joint’s
contribution to movement.

However, our ActionJoints-LLM yields substantial performance gains over these
approaches. These improvements are primarily attributed to two factors:

*  The powerful comprehension and reasoning capabilities of LLMs enable a deeper
interpretation of joint dynamics through textual descriptions.

*  The introduction of attn-pooling allows the model to account for the varying impor-
tance of different joints over time.
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Consequently, these components facilitate a more nuanced and precise assessment of
movement.

Table 6. Comparison of Action-JointsLLM and prior methods on the PD-WALK dataset. Reported
scores for Action-JointsLLM reflect the best-performing settings for each LLM backbone.

Name Network and Method F1-Score  Accuracy (%)
STGCN [14] st-gen 0.80 78.50
PD-WALK [15] st-gen + 2 connection branches 0.85 84.10
Llama2-7B + 18/stride + attn-pooling 0.95 95.63
Llama3-8B + 18/stride + attn-pooling 0.96 96.49
Action-JointsLLM (ours) Qwen2-7B + 18/stride + attn-pooling 0.93 93.67
Qwen3-8B + 24/stride + attn-pooling 0.89 90.34

5.5. Generalizability Analysis

To evaluate the generalizability of our METHOD, we conduct additional experiments
using raw skeletal data from the widely used multi-class NTU RGB+D 60 dataset [46]. We
select a diverse subset of 10 action classes, including pickup, throw, sitting down, putting on
a hat, hand waving, kicking, jumping, phone call, punching, and pushing, which encompasses
movements involving different body parts and interactive scenarios (Total samples: 9455).
Following the optimal configuration (N = 18, ‘stride = N/2’, Llama3-8B), the results are
presented in Table 7. While the performance on this 10-class task is modest compared to
the PD scenario, it is important to note that our method is originally tailored for binary fine-
grained anomaly detection. A performance drop when extending to a diverse multi-class
task is expected. Nevertheless, the model achieves an accuracy of over 62%, significantly
outperforming random guessing. This demonstrates the method’s fundamental capabil-
ity to learn motion representations and indicates a promising degree of generalizability.
Consequently, our method may offer valuable insights for future work aiming to adapt
fine-grained action reasoning frameworks to general-purpose scenarios.

Table 7. Generalizability analysis. Performance comparison between the fine-grained PD-WALK
dataset and the NTU RGB+D dataset (10-class).

Network and Method Dataset F1-Score  Accuracy (%)
Llama3-8B + 18/stride + attn-pooling PD-WALK 0.96 96.49
Llama3-8B + 18/stride + attn-pooling NTU RGB+D (10-class) 0.63 62.16

6. Conclusions

This paper proposes Action-JointsLLM, a novel framework for fine-grained action
detection in the visual modality, which leverages Transformer-based LLMs to capture
the features of overall movement. The framework fully exploits the advantages of joint
data—information-rich and robust to environmental noise. With our proposed Joint2Text
module, joint data is converted into an LLM-compatible format, enabling our framework to
harness the reasoning capabilities of LLMs for effectively capturing subtle joint movements.
An additional textual prompt further steers LLMs toward fine-grained action understand-
ing, enhancing both accuracy and efficiency. Moreover, we introduce an attn-pooling
mechanism with learnable weights to fuse temporal and joint features, effectively miti-
gating uneven contributions from different joints and time steps. By integrating these
components and taking PD detection as a representative scenario, the proposed Action-
JointsLLM achieves state-of-the-art performance on the PD-WALK dataset (96.49%) and
demonstrates robustness across various LLM backbones.
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However, this work inevitably exhibits several limitations. First, the current evaluation
is primarily limited to binary PD anomaly detection on a single dataset (PD-WALK), with
ST-GCNs-based methods serving as the main baselines. This focus restricts the functional
scope and comprehensive performance evaluation of the proposed model. Although we
conducted a generalization analysis on an additional action dataset in Section 5.5, substan-
tial room for improvement remains. Second, employing LLMs as the primary backbone
incurs substantial computational overhead during inference. Furthermore, to address
the specific requirements of the PD task and mitigate real-world pose estimation errors,
we adopt strict data optimization strategies within the Joint2Text module. While these
strategies yield strong task-specific performance, they introduce inherent constraints on
model generalizability. Nevertheless, these limitations do not undermine the validity of our
findings; rather, they underscore the foundational nature of the framework and motivate
future research directions.

Consequently, future research will focus on the following directions. First, we plan to
expand the scope of evaluation to larger-scale datasets and multi-class settings for general
fine-grained action detection (e.g., hand-centric movements), and to extend the frame-
work’s applicability to other specialized medical scenarios, including multiple sclerosis,
Huntington’s disease, and essential tremor. Second, we will systematically benchmark
the proposed attn-pooling mechanism against modern pooling alternatives [47-50], with
the goal of improving feature quality and inference efficiency while modeling unequal
joint and frame contributions. Third, we will explore alternative encodings that preserve
full skeletal topology, aiming to construct efficient motion sequences that robustly handle
real-world pose estimation errors. Through these advancements, we seek to further unlock
the potential of LLM-based reasoning for complex action analysis in both clinical and
general domains.
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Abbreviations

The following abbreviations are used in this manuscript:

PD Parkinson’s Disease

CNN Convolutional Neural Network
VisonT Transformer-based visual models
ViT Vision Transformer

ST-GCNs  Spatio-Temporal Graph Convolutional Networks
LLMs Large language models
LoRA Low-Rank Adaptation

Appendix A. Experiments for VisionT

This Appendix material presents preliminary experiments to assess the suitability of
VisionT for fine-grained action detection.

Appendix A.1. Experimental Setup

With permission from the authors, we use the TULIP dataset [51], focusing on
gait-related videos, which are then preprocessed into frame sequences. We design
three experimental settings: (1) no-text guidance, (2) post-temporal guidance, and
(3) pre-temporal guidance. For no-text guidance, we employ pre-trained backbones
vivit-b-16x2 URL: https:/ /huggingface.co/google/vivit-b-16x2 (accessed on 8 January
2026)and vivit-b-16x2-kinetics400 URL: https://huggingface.co/google/vivit-b-16x2
-kinetics400 (accessed on 8 January 2026) to directly process the temporal frame sequence.
In post-temporal guidance, we enhance the ViViT model by incorporating a textual prompt
and fusing it with visual information through cross-attention, guiding the model after tem-
poral modeling. In pre-temporal guidance, we leverage VLMs such as Qwen2.5-VL URL:
https:/ /huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct (accessed on 8 January 2026) to
align visual and textual features at the frame level, using prompts to guide attention before
temporal modeling. A Transformer is then used for final temporal aggregation. Across all
settings, we also adopt PD detection as research scenario.

Appendix A.2. Experimental Results and Discussion

As shown in Table A1, when using ViViT alone, the model exhibits limited perfor-
mance. Incorporating the ViViT backbone pre-trained on Kinetics-400 [52] leads to a
moderate improvement, as the model has learned general priors related to human actions.
However, the overall performance remains suboptimal. With the introduction of textual
guidance, we observe a significant performance boost, demonstrating the effectiveness of
VisionT. Nonetheless, video data inherently contains non-motion-related noise, including
clothing styles, backgrounds, and lighting conditions. When applied to unseen subjects,
model performance drops substantially, indicating limited generalization ability. Further
experiments using pre-temporal guidance show that VLMs like Quwen2.5-VL can leverage
textual prompts to focus attention on target individuals. However, the extracted features
struggle to capture subtle temporal distinctions necessary for fine-grained motion analysis.

Based on these results, we conclude that although VisionT offers strong performance
under controlled conditions, it still falls short in capturing nuanced action patterns required
for fine-grained action detection. Future research should focus on suppressing visual
distractions and exploring data modalities that better capture subtle motion variations.
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Table Al. Experimental results of VisionT under three different settings. XATTN denotes the use
of textual guidance with cross-attention; unseen indicates evaluation on previously unseen subjects;
ATTN refers to the standard attention mechanism used for temporal modeling.

Method F1-Score Accuracy (%)

vivit-b-16x2 0.61 70.31

vivit-b-16x2-kinetics400 0.68 75.00

vivit-b-16x2 + XATTN 0.98 98.44

vivit-b-16x2-kinetics400 + XATTN 0.97 96.88

vivit-b-16x2 + XATTN + unseen 0.51 62.04

vivit-b-16x2-kinetics400 + Xattn + unseen 0.45 50.93

Qwen2.5-VL + 3 layers ATTN 0.64 74.42
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