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Abstract

In zero-shot skeleton-based action recognition (ZSAR),
aligning skeleton features with the text features of action
labels is essential for accurately predicting unseen actions.
ZSAR faces a fundamental challenge in bridging the modal-
ity gap between the two-kind features, which severely limits
generalization to unseen actions. Previous methods focus
on direct alignment between skeleton and text latent spaces,
but the modality gaps between these spaces hinder robust
generalization learning. Motivated by the success of diffu-
sion models in multi-modal alignment (e.g., text-to-image,
text-to-video), we firstly present a diffusion-based skeleton-
text alignment framework for ZSAR. Our approach, Triplet
Diffusion for Skeleton-Text Matching (TDSM), focuses on
cross-alignment power of diffusion models rather than their
generative capability. Specifically, TDSM aligns skele-
ton features with text prompts by incorporating text fea-
tures into the reverse diffusion process, where skeleton fea-
tures are denoised under text guidance, forming a uni-
fied skeleton-text latent space for robust matching. To en-
hance discriminative power, we introduce a triplet diffusion
(TD) loss that encourages our TDSM to correct skeleton-
text matches while pushing them apart for different action
classes. Our TDSM significantly outperforms very recent
state-of-the-art methods with significantly large margins of
2.36%-point to 13.05%-point, demonstrating superior ac-
curacy and scalability in zero-shot settings through effective
skeleton-text matching.

1. Introduction
Human action recognition [31, 50, 58, 63] focuses on clas-
sifying actions from movements, with RGB videos com-
monly used due to their accessibility. However, recent ad-
vancements in depth sensors [28] and pose estimation algo-
rithms [4, 57] have driven the adoption of skeleton-based
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Figure 1. Overview of our Triplet Diffusion for Skeleton-Text
Matching (TDSM) pipeline versus previous methods. While the
previous methods rely on direct alignment between skeleton and
text latent spaces, thus suffering from modality gaps that limit
generalization, our TDSM pipeline overcomes this challenge by
utilizing the cross-modality alignment power of diffusion models,
establishing a more unified and robust skeleton-text representation
for effective cross-modal matching.

action recognition. Skeleton data offers several advantages:
it captures only human poses without background noise, en-
suring a compact representation. Furthermore, 3D skeletons
remain invariant to environmental factors such as lighting,
background, and camera angles, providing consistent 3D
coordinates across conditions [13].

Despite these benefits, the fully supervised skeleton-
based action recognition methods [7, 9, 10, 12, 13, 71, 75,
78] tend to perform well, but annotating every possible ac-
tion is impractical for a large number of possible action
classes. In addition, retraining models for new classes in-
curs a significant cost. So, zero-shot skeleton-based action
recognition (ZSAR) [8, 20, 32, 36, 38, 54, 69, 77, 79] ad-
dresses this issue by enabling predictions for unseen actions
without requiring explicit training data, making it valuable
for applications such as surveillance, robotics, and human-
computer interaction, where continuous learning is infea-
sible [16, 64]. Importantly, ZSAR is possible because hu-
man actions often share common skeletal movement pat-
terns across related actions. By leveraging these shared
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patterns, ZSAR methods align pre-learned skeleton fea-
tures with text-based action descriptions, allowing the mod-
els to extrapolate from seen actions to unseen ones. This
alignment-based approach reinforces the model’s discrim-
inative power, ensuring scalability and reliable zero-shot
recognition in real-world scenarios. However, achieving
the effective alignment between skeleton data and text fea-
tures entails significant challenges. While skeleton data
captures temporal and spatial motion patterns, the text de-
scriptions for action labels carry high-level semantic infor-
mation. This modality gap makes it difficult to align their
corresponding latent spaces effectively, thus hindering the
generalization learning for unseen actions.

Diffusion models [15, 52] have demonstrated strong
cross-modal alignment capabilities by incorporating condi-
tioning signals such as text, images, audio, or video to guide
the generative process. This conditioning mechanism en-
ables precise cross-modality alignment, ensuring that gener-
ated outputs adhere closely to the given condition. Inspired
by this property, we propose a novel framework: Triplet
Diffusion for Skeleton-Prompt Matching (TDSM), which
firstly adopts diffusion models to ZSAR by conditioning the
denoising process on text prompts. Our approach utilizes
the reverse diffusion process to implicitly align skeleton and
text features within a shared latent space, overcoming the
challenges of direct feature space alignment.

Fig. 1 illustrates the key differences between previous
methods and our proposed method. The previous methods
[8, 20, 32, 36, 38, 54, 69, 77, 79] attempt to directly align
skeleton and text features within separate latent spaces.
However, this approach struggles with generalization due
to the inherent modality gap between skeletal motion and
textual semantics. On the other hand, our TDSM leverages
a reverse diffusion training scheme to implicitly align skele-
ton features with their corresponding text prompts, pro-
ducing discriminatively fused representations within a uni-
fied latent space. More specifically, our TDSM learns to
denoise noisy skeleton features conditioned on the corre-
sponding text prompts, embedding the prompts into a uni-
fied skeleton-text latent space to better capture the seman-
tic meaning of action labels. This implicit alignment mit-
igates the limitations of direct latent space mapping while
enhancing robustness. Additionally, we introduce a triplet
diffusion (TD) loss, which encourages tighter alignment for
correct skeleton-text pairs and pushes apart incorrect ones,
further improving the model’s discriminative power. As an
additional benefit, the stochastic nature of diffusion process,
driven by the random noise added during training, acts as a
natural regularization mechanism. This prevents overfitting
and enhances the model’s ability to generalize effectively to
unseen actions. Our contributions are threefold:

• We firstly present a diffusion-based action recognition
with zero-shot learning for skeleton inputs, called a

Triplet Diffusion for Skeleton-Text Matching (TDSM)
which is the first framework to apply diffusion models
and to implicitly align the skeleton features with text
prompts (action labels) by fully taking the advantage of
excellent text-image correspondence learning in genera-
tive diffusion process, thus being able to learn fused dis-
criminative features in a unified latent space.

• We introduce a reformulated triplet diffusion (TD) loss
to enhance the model’s discriminative power by ensuring
accurate denoising for correct skeleton-text pairs while
suppressing it for incorrect pairs.

• Our TDSM significantly outperforms the very recent
state-of-the-art (SOTA) methods with large margins of
2.36%-point to 13.05%-point across multiple bench-
marks, demonstrating scalability and robustness under
various seen-unseen split settings.

2. Related Work

2.1. Zero-shot Skeleton-based Action Recognition

Zero-shot Skeleton-based Action Recognition (ZSAR) aims
to recognize human actions from skeleton sequences with-
out requiring labeled training data for unseen action cate-
gories. Most of the existing works focus on aligning the
skeleton latent space with the text latent space. These ap-
proaches can be categorized broadly into VAE-based meth-
ods [20, 36, 38, 54] and contrastive learning-based methods
[8, 32, 69, 77, 79].
VAE-based. The previous work, CADA-VAE [54], lever-
ages VAEs [30] to align skeleton and text latent spaces, en-
suring that each modality’s decoder can generate useful out-
puts from the other’s latent representation. SynSE [20] re-
fines this by introducing separate VAEs for verbs and nouns,
improving the structure of the text latent space. MSF [36]
extends this approach by incorporating action and motion-
level descriptions to enhance alignment. SA-DVAE [38]
disentangles skeleton features into semantic-relevant and ir-
relevant components, aligning text features exclusively with
relevant skeleton features for improved performance.
Contrastive learning-based. Contrastive learning-based
methods align skeleton and text features through positive
and negative pairs [5]. SMIE [77] concatenates skeleton
and text features, and applies contrastive learning by treat-
ing masked skeleton features as positive samples and other
actions as negatives. PURLS [79] incorporates GPT-3 [1]
to generate text descriptions based on body parts and mo-
tion evolution, using cross-attention to align text descrip-
tions with skeleton features. STAR [8] extends this idea
with GPT-3.5 [1], generating text descriptions for six dis-
tinct skeleton groups, and introduces learnable prompts to
enhance alignment. DVTA [32] introduces a dual alignment
strategy, performing direct alignment between skeleton and
text features, while also generating augmented text features

12758



via cross-attention for improved alignment. InfoCPL [69]
strengthens contrastive learning by generating 100 unique
sentences per action label, enriching the alignment space.

While most existing methods rely on direct alignment
between skeleton and text latent spaces, they often struggle
with generalization due to inherent differences between the
two modalities. In contrast, our TDSM leverages diffusion
models for alignment rather than generation. By condition-
ing the reverse diffusion process on action labels, we guide
the denoising of skeleton features to implicitly align them
with their corresponding semantic contexts of action labels.
This enables more robust skeleton-text matching and im-
proves generalization to unseen actions.

2.2. Diffusion Models

Diffusion models have become a fundamental to genera-
tive tasks by learning to reverse a noise-adding process for
original data recovery. Denoising Diffusion Probabilistic
Models (DDPMs) [22] introduced a step-by-step denoising
framework, enabling the modeling of complex data distri-
butions and establishing the foundation for diffusion-based
generative models. Building on this, Latent Diffusion Mod-
els (LDMs) [15, 52] improve computational efficiency by
operating in lower-dimensional latent spaces while main-
taining high-quality outputs. LDMs have been successful in
various generation tasks (e.g., text-to-image, text-to-video,
image-to-video), showing the potential of diffusion models
for cross-modal alignment tasks. In the reverse diffusion
process, LDMs employ a denoising U-Net [53] where text
prompts are integrated with image features through cross-
attention blocks, effectively guiding the model to align the
two modalities. Further extending this line of research,
Diffusion Transformers (DiTs) [48] integrate transformer
architectures into diffusion processes. In this work, we
leverage the aligned fusion capabilities of diffusion mod-
els, focusing on the learning process during reverse diffu-
sion rather than their generative power. Specifically, we
utilize a DiT-based network as a denoising model, where
text prompts guide the denoising of noisy skeleton features.
This approach embeds text prompts into the unified latent
space in the reverse diffusion process, ensuring robust fu-
sion of the two modalities and enabling effective general-
ization to unseen actions in zero-shot recognition settings.
Zero-shot tasks with diffusion models. Recently, diffu-
sion models have also been extended to zero-shot tasks
in RGB-based vision applications, such as semantic cor-
respondence [73], segmentation [2, 59], image captioning
[72], and image classification [11, 35]. These approaches
often rely on large-scale pretrained diffusion models, such
as LDMs [15, 52], trained on datasets like LAION-5B [55]
with billions of text-image pairs. In contrast, our approach
demonstrates that diffusion models can be effectively ap-
plied to smaller, domain-specific tasks, such as skeleton-

based action recognition, without the need for large-scale
finetuning. This highlights the versatility of diffusion mod-
els beyond large-scale vision-language tasks, providing a
practical solution to zero-shot generalization with limited
data resources.

3. Preliminaries: Diffusion Process

Diffusion models [22, 48, 52] are a class of generative mod-
els that progressively denoise a noisy sample to generate a
target distribution. The diffusion process [22] consists of
two main stages: a forward process and a reverse process.

Forward diffusion process. In the forward process, Gaus-
sian noise is incrementally added to the target data x0 over
discrete timesteps t, gradually transforming it into a Gaus-
sian noise distribution ϵ ∼ N (0, I). This can be formu-
lated as: q(xt|xt−1) = N (xt;

√
1− βtxt−1, βtI), where

q(xt|xt−1) follows a Markov chain that progressively cor-
rupts x0 into noise, and βt controls the noise schedule. By
reparameterizing the forward process, xt can be directly ex-
pressed in terms of x0 as: xt =

√
ᾱtx0 +

√
1− ᾱtϵ, where

ᾱt =
∏t

s=1(1− βs) controls the noise level at step t.

Reverse diffusion process. The reverse process learns to
recover the original data x0 from a noisy sample by estimat-
ing the denoising step conditioned on previous timesteps
as: pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)), where
pθ(xt−1|xt) follows a Gaussian conditional distribution
that gradually reconstructs x0 by estimating the denoised
mean µθ(xt, t) and covariance Σθ(xt, t). Here, µθ and Σθ

are predicted by a neural network trained to approximate the
inverse of the forward noise addition, enabling the model to
progressively refine xt into a clean representation.

Objective function. To train the reverse process, the ob-
jective function is derived by minimizing the variational
bound on the negative log-likelihood E [− log pθ(x0)]. It
can be simplified by reparameterizing µθ as a noise predic-
tion network ϵθ, leading to the following loss as: Ldiff =
∥ϵθ(xt, t)− ϵ∥2.

Cross-modality conditioning in diffusion models. An im-
portant property of diffusion models is their ability to incor-
porate conditioning signals c such as text, images, audio,
or video to guide the generative process. This conditioning
mechanism enables strong cross-modality alignment, allow-
ing the models to generate outputs that closely align with
the given conditions c. To integrate conditioning into the
diffusion process, the noise prediction model ϵθ is condi-
tioned on c, modifying the objective function as follows:
Ldiff = ∥ϵθ(xt, t; c)−ϵ∥2. This formulation ensures that the
denoising process is guided by the conditions c, enforcing
the alignment between the generated output and the condi-
tioning signals c.
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Figure 2. Training framework of our TDSM for zero-shot skeleton-based action recognition.

4. Methods
4.1. Overview of TDSM
In the training phase, we are given a dataset

Dtrain = {(Xi, yi)}Ni=1, yi ∈ Y, (1)

where Xi ∈ RT×V×M×Cin represents a skeleton sequence,
and yi is the corresponding ground truth label. Each skele-
ton sequence Xi consists of sequence length T , the number
V of joints, the number M of actors, and the dimensionality
Cin representing each joint. The label yi belongs to the set
of seen class labels Y . Here, N denotes the total number of
training samples in the seen dataset. In the inference phase,
we are provided with a test dataset

Dtest = {(Xu
j , y

u
j )}

Nu
j=1, y

u
j ∈ Yu, (2)

where Xu
j ∈ RT×V×M×Cin denotes skeleton sequences

from unseen classes, and yuj are their corresponding labels.
In this phase, Nu represents the total number of test sam-
ples from unseen classes. In the zero-shot setting, the seen
and unseen label sets are disjoint, i.e.,

Y ∩ Yu = ∅. (3)

We train the TDSM using Dtrain and enable it to generalize
to unseen classes from Dtest. By learning a robust discrimi-
native fusion of skeleton features and text descriptions, the
model can predict the correct label ŷu ∈ Yu for an unseen
skeleton sequence Xu

j during inference.
Fig. 2 provides an overview of our training framework

of TDSM. As detailed in Sec. 4.2, the pretrained skeleton
encoder Ex and text encoder Ed embed the skeleton inputs

X and prompt input d with an action label y into their re-
spective feature spaces, producing the skeleton feature zx
and two types of text features: the global text feature zg
and the local text feature zl. The skeleton feature zx under-
goes the forward process, where noise ϵ is added to it. In
the reverse process, as described in Sec. 4.3, the Diffusion
Transformer Tdiff serves as the noise prediction network ϵθ,
predicting the noise ϵ̂. The training objective function that
ensures the TDSM to learn robust discriminative power is
discussed in Sec. 4.3. Finally, Sec. 4.4 explains the strategy
used during the inference phase to predict the correct label
ŷu for unseen actions.

4.2. Embedding Skeleton and Prompt Input
Following the LDMs [15, 52], we perform the diffusion pro-
cess in a compact latent space by projecting both skeleton
data and prompt into their respective feature spaces. For
skeleton data, we adopt GCNs as the architecture for the
skeleton encoder Ex that is trained on Dtrain using a cross-
entropy loss:

LCE = −
|Y|∑
k=1

y(k) log ŷ(k), (4)

where ŷ = MLP(Ex(X)) is the predicted class label for a
skeleton input Xi, |Y| is the number of seen classes and
y is the one-hot vector of the ground truth label y. Once
trained, the parameters of skeleton encoder Ex are frozen
and used to generate the skeleton latent space representation
zx = Ex(X). After reshaping the feature for the attention
layer, zx is represented in RMx×C , where Mx is the number
of skeleton tokens, and C is the feature dimension.

For text encoder Ed, we leverage the text prompts to cap-
ture rich semantic information about the action labels. Each
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ground truth (GT) label yp = y is associated with a prompt
dp, while a randomly selected wrong label (negative sam-
ple) yn ∈ Y \ {yp} is assigned a prompt dn. To encode
these prompts, we utilize a pretrained text encoder, such as
CLIP [27, 51], which provides two types of output features:
a global text feature zg and a local text feature zl. The text
encoder’s output for a given prompt d can be expressed as:

[zg | zl] = Ed(d), (5)

where [ · | · ] indicates token-wise concatenation, zg ∈
R1×C is a global text feature, and zl ∈ RMl×C is a local
text feature, with Ml text tokens. For each GT label (pos-
itive sample), the text encoder Ed extracts both the global
and local text features, denoted as zg,p and zl,p, respec-
tively. Similarly, for each wrong label (negative sample),
the encoder extracts the features zg,n and zl,n. These four
features later guide the diffusion process by conditioning
the denoising of noisy skeleton features.

4.3. Diffusion Process
Our framework leverages a conditional denoising diffusion
process, not to generate data but to learn a discrimina-
tive skeleton latent space by fusing skeleton features with
text prompts through the reverse diffusion process. Our
TDSM is trained to denoise skeleton features such that
the resulting latent space becomes discriminative with re-
spect to action labels. Guided by our triplet diffusion (TD)
loss, the denoising process conditions on text prompts to
strengthen the discriminative fusion of skeleton features
and their corresponding prompts. The TD loss encour-
ages correct skeleton-text pairs to be pulled closer in the
fused skeleton-text latent space while pushing apart incor-
rect pairs, enhancing the model’s discriminative power.
Forward process. Random Gaussian noise is added to the
skeleton feature zx at a random timestep t ∼ U(T ) within
total T steps. At each randomly selected step t, the noisy
feature zx,t is generated as:

zx,t =
√
ᾱtzx +

√
1− ᾱt ϵ. (6)

Reverse process. The Diffusion Transformer Tdiff predicts
noise ϵ̂ from noisy feature zx,t, conditioned on the global
and local text features zg and zl at given timestep t:

ϵ̂ = Tdiff (zx,t, t; zg, zl) . (7)

Using the shared weights in Tdiff, we predict ϵ̂p for positive
features (zg,p, zl,p) and ϵ̂n for negative features (zg,n, zl,n).
Tdiff builds upon DiT [48], which has been well-validated
for cross-modality alignment in image-text tasks. We adopt
it to the skeleton-text domain by: (i) reducing the number of
blocks/channels to accommodate the relatively small-scale
skeleton data, and (ii) incorporating both global and local

text embeddings to enhance skeleton-text alignment. Tdiff is
very detailed in the Supplementary Material.
Triplet diffusion (TD) loss. The overall training objective
combines a diffusion loss and our reformulated TD loss,
which is inspired by the conventional triplet loss [23], to
promote both effective noise prediction and discriminative
alignment (fusion). The total loss is defined as:

Ltotal = Ldiff + λLTD, (8)

where Ldiff ensures accurate denoising, and LTD enhances
the ability to differentiate between correct and incorrect la-
bel predictions. The diffusion loss Ldiff is given by:

Ldiff = ∥ϵ− ϵ̂p∥2, (9)

where ϵ is a true noise, and ϵ̂p is a predicted noise for the
GT text feature. Our triplet diffusion loss LTD is defined as:

LTD = max (∥ϵ− ϵ̂p∥2 − ∥ϵ− ϵ̂n∥2 + τ, 0) , (10)

where ϵ̂n is the predicted noise for an incorrect (negative)
text feature, and τ is a margin parameter. LTD is simple
but very effective, encouraging the model to minimize the
distance (∥ϵ−ϵ̂p∥2) between true noise ϵ and GT prediction
ϵ̂p while maximizing the distance (∥ϵ − ϵ̂n∥2) for negative
predictions ϵ̂n, which can ensure discriminative fusion of
two modalities in the learned skeleton-text latent space.

4.4. Inference Phase
Our approach enhances discriminative fusion through the
TD loss, which is designed to denoise GT skeleton-text
pairs effectively while preventing the fusion of incorrect
pairs within the seen dataset. This selective denoising pro-
cess promotes a robust fusion of skeleton and text fea-
tures, allowing the model to develop a discriminative fea-
ture space that can generalize to unseen action labels.

In inference (Fig. 3), each unseen skeleton sequence Xu

and its all candidate text prompts are inputted to our TDSM,
and the resulting noises for the all candidate text prompts
are compared with a fixed GT noise ϵtest ∼ N (0, I). Xu is
first encoded into the skeleton latent space through Ex as:

zux = Ex(Xu). (11)

Each candidate action label yuk ∈ Yu is associated with a
prompt du

k that is processed through Ed to extract the global
and local text features:[

zug,k | zul,k
]
= Ed(du

k). (12)

Next, the forward process is performed using a fixed Gaus-
sian noise ϵtest and a fixed timestep ttest to generate the noisy
skeleton feature as:

zux,t =
√
ᾱttest z

u
x +

√
1− ᾱttest ϵtest. (13)
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Figure 3. Inference framework of our TDSM for ZSAR.

For yuk , the Diffusion Transformer Tdiff predicts noise ϵ̂k as:

ϵ̂k = Tdiff(z
u
x,t, ttest; z

u
g,k, z

u
l,k). (14)

The score for yuk is computed as the ℓ2-norm between ϵtest
and ϵ̂k. The predicted label ŷu is then the one that mini-
mizes this distance:

ŷu = argmin
k
∥ϵtest − ϵ̂k∥2. (15)

This process ensures that the model selects the action
label whose text prompt well aligns with the skeleton
sequence, enabling accurate zero-shot action recognition
for unseen skeleton sequences with unseen action labels.
Unlike the generative models that iteratively refine sam-
ples, our TDSM performs a one-step inference at a fixed
timestep, making it efficient and well-suited for discrimina-
tive skeleton-text alignment.

5. Experiments
5.1. Datasets
NTU RGB+D [56]. NTU RGB+D dataset, referred to as
NTU-60, is one of the largest benchmarks for human ac-
tion recognition, consisting of 56,880 action samples across
60 action classes. It captures 3D skeleton data, depth maps,
and RGB videos using Kinect sensors [28], making it a stan-
dard for evaluating single- and multi-view action recogni-
tion models. The dataset provides a cross-subject split (X-
sub) with 40 subjects in total, where 20 subjects are used
for training and the remaining 20 for testing. In our experi-
ments, we construct Dtrain from the X-sub training set with
seen labels and Dtest from the X-sub test set with unseen
labels, ensuring a fully zero-shot action recognition setting.
NTU RGB+D 120 [42]. NTU RGB+D 120 dataset, re-
ferred to as NTU-120, extends the original NTU-60 dataset
by adding 60 additional action classes, resulting in a total of
120 classes and 114,480 video samples. The X-sub setting
for NTU-120 includes 106 subjects, with 53 used for train-
ing and the remaining 53 for testing. We apply the same
experimental protocol as NTU-60, using the training set to

formDtrain with seen labels and the test set to constructDtest
with unseen labels.
PKU-MMD [39]. PKU-MMD dataset is a large-scale
dataset designed for multi-modality action recognition, of-
fering 3D skeleton data and RGB+D recordings. The
dataset contains a total of 66 subjects, where 57 subjects
are used for training and the remaining 9 for testing. We
follow the cross-subject setting to evaluate the generaliza-
tion of our framework, constructing Dtrain with seen labels
and Dtest with unseen labels.

5.2. Experiment Setup
Our TDSM were implemented in PyTorch [47] and con-
ducted on a single NVIDIA GeForce RTX 3090 GPU. Our
model variants were trained for 50,000 iterations, with a
warm-up period of 100 steps. We employed the AdamW
optimizer [45] with a learning rate of 1×10−4 and a weight
decay of 0.01. A cosine-annealing scheduler [44] was used
to dynamically update the learning rate at each iteration.
The batch size was set to 256, but for the TD loss com-
putation, the batch was duplicated for positive and nega-
tive samples, resulting in an effective batch size of 512.
Through empirical validation, the loss weight λ and margin
τ were both set to 1.0. The diffusion process was trained
with a total timestep of T = 50. For inference, the optimal
timestep ttest = 25 was selected based on accuracy trends
across datasets (Fig. 4). For the SynSE [20] and PURLS
[79] seen and unseen split settings, we used the Shift-GCN
[9] architecture as our skeleton encoder. In the SMIE [77]
split setting, we employed the ST-GCN [71] structure. We
adopted Shift-GCN and ST-GCN because the majority of
previous ZSAR studies use them, ensuring a fair compari-
son without a confounding factor of potentially more pow-
erful encoders. For fair comparison, we used the same text
prompts employed in existing works. Across all tasks, we
adopted the text encoder from CLIP [27, 51] to transform
text prompts into latent representations.

5.3. Performance Evaluation
Evaluation on SynSE [20] and PURLS [79] benchmarks.
Table 1 presents the performance comparison on the SynSE
and PURLS benchmark splits across the NTU-60 and NTU-
120 datasets. The SynSE benchmark focuses on standard
settings, offering 55/5 and 48/12 splits on NTU-60, and
110/10 and 96/24 splits on NTU-120. These settings as-
sess the model’s ability to generalize across typical seen-
unseen splits. In contrast, the PURLS benchmark presents
more extreme cases with 40/20 and 30/30 splits on NTU-
60, and 80/40 and 60/60 splits on NTU-120, introducing
higher levels of complexity by increasing the proportion of
unseen labels in the test set. To account for the stochas-
tic nature of noise during inference, we averaged the 10
runs with different Gaussian noise realizations. As shown
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Methods Publications
NTU-60 (Acc, %) NTU-120 (Acc, %)

55/5 split 48/12 split 40/20 split 30/30 split 110/10 split 96/24 split 80/40 split 60/60 split
ReViSE [26] ICCV 2017 53.91 17.49 24.26 14.81 55.04 32.38 19.47 8.27
JPoSE [67] ICCV 2019 64.82 28.75 20.05 12.39 51.93 32.44 13.71 7.65
CADA-VAE [54] CVPR 2019 76.84 28.96 16.21 11.51 59.53 35.77 10.55 5.67
SynSE [20] ICIP 2021 75.81 33.30 19.85 12.00 62.69 38.70 13.64 7.73
SMIE [77] ACM MM 2023 77.98 40.18 - - 65.74 45.30 - -
PURLS [79] CVPR 2024 79.23 40.99 31.05 23.52 71.95 52.01 28.38 19.63
SA-DVAE [38] ECCV 2024 82.37 41.38 - - 68.77 46.12 - -
STAR [8] ACM MM 2024 81.40 45.10 - - 63.30 44.30 - -
TDSM (Ours) - 86.49 56.03 36.09 25.88 74.15 65.06 36.95 27.21

Table 1. Top-1 accuracy results of various zero-shot skeleton-based action recognition (ZSAR) methods evaluated on the SynSE and
PURLS benchmarks for the NTU-60 and NTU-120 datasets. Each split is denoted as X/Y, where X represents the number of seen classes
and Y the number of unseen classes. The results in red highlight the best-performing model, while those in blue indicate the second-best.
For our TDSM framework, the reported accuracy is the average value obtained from 10 trials, each with different Gaussian noise.

Methods
NTU-60 (Acc, %) NTU-120 (Acc, %) PKU-MMD (Acc, %)

55/5 split 110/10 split 46/5 split
ReViSE [26] 60.94 44.90 59.34
JPoSE [67] 59.44 46.69 57.17
CADA-VAE [54] 61.84 45.15 60.74
SynSE [20] 64.19 47.28 53.85
SMIE [77] 65.08 46.40 60.83
SA-DVAE [38] 84.20 50.67 66.54
STAR [8] 77.50 - 70.60
TDSM (Ours) 88.88 69.47 70.76

Table 2. Top-1 accuracy results of various ZSAR methods eval-
uated on the NTU-60, NTU-120, and PKU-MMD datasets under
the SMIE benchmark. The reported values are the average perfor-
mance across three splits.

Ldiff LTD
NTU-60 (Acc, %) NTU-120 (Acc, %)

55/5 split 48/12 split 110/10 split 96/24 split
✓ 79.87 53.03 72.44 57.65

✓ 80.90 54.36 70.73 60.95
✓ ✓ 86.49 56.03 74.15 65.06

Table 3. Ablation study on loss function configurations. The re-
sults compare models trained with only the diffusion loss Ldiff,
only the triplet diffusion loss LTD, and their combination.

in Table 1, our TDSM significantly outperforms the very
recent state-of-the-art results across all benchmark splits,
demonstrating superior generalization and robustness for
various splits. Specifically, TDSM outperforms the existing
methods on both standard (SynSE) and extreme (PURLS)
settings, with 4.12%-point, 9.93%-point, 5.04%-point, and
2.36%-point improvements in top-1 accuracy on the NTU-
60 55/5, 48/12, 40/20, and 30/30 splits, respectively, com-
pared to the second best models. Also compared to the sec-
ond best models, our TDSM attains 2.20%-point, 13.05%-
point, 8.57%-point, and 7.58%-point accuracy improve-
ments on the NTU-120 splits, further validating its scala-
bility to larger datasets and more complex unseen classes.
Evaluation on SMIE [77] benchmark. The SMIE bench-
mark provides three distinct splits to evaluate the general-
ization capability of models across different sets of unseen
labels. Each split ensures that unseen labels do not over-

Global
zg

Local
zl

NTU-60 (Acc, %) NTU-120 (Acc, %)
55/5 split 48/12 split 110/10 split 96/24 split

✓ 83.41 51.50 70.14 61.90
✓ 83.33 52.63 69.95 62.10

✓ ✓ 86.49 56.03 74.15 65.06

Table 4. Ablation study on text feature types. The results compare
models trained with only zg , only zl, and their combination.

lap with seen ones, thereby rigorously testing the model’s
ability to recognize new classes without prior exposure. For
fair comparison, the reported performance is the average of
the three splits. In this benchmark, as shown in Table 2,
our TDSM outperforms the other methods, demonstrating
strong generalization across all evaluated datasets.

5.4. Ablation Studies
Effect of loss function design. The ablation study shown in
Table 3 evaluates the impact of combining the diffusion loss
Ldiff and the triplet diffusion (TD) loss LTD on the model’s
performance. The results demonstrate that leveraging both
losses yields superior performance compared to using ei-
ther one alone. Specifically, when only Ldiff is employed,
the model focuses on accurately denoising the skeleton fea-
tures conditioned on the text prompts but may lack suffi-
cient discriminative power between similar actions. Con-
versely, applying only LTD enhances discriminative fusion
but without ensuring optimal noise prediction. The com-
bination of both losses strikes a balance, ensuring discrim-
inative fusion, which resulting in the highest performance
across all evaluated splits.
Contribution of global and local text features. Our
TDSM framework employs two types of text features for
skeleton-text matching: a global text feature zg that encodes
the entire sentence as a single token, and local text features
zl that preserve token-level details for each word in the sen-
tence. As shown in Table 4, combining the global and lo-
cal text features achieves the best performance, outperform-
ing the models that use either feature independently. The
global text feature provides overall discriminative power
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Figure 4. Effect of varying inference timesteps ttest across multiple datasets. Each plot shows the top-1 accuracy trend on the NTU-60 and
NTU-120 datasets under different splits. The solid red line represents the average accuracy of our method, with the shaded orange area
indicating the variation in accuracy across 10 different random Gaussian noise instances. Dashed blue line corresponds to the second-best
method in each benchmark.

by capturing high-level semantics of the action description,
enabling robust matching across diverse action categories.
Meanwhile, the local text features retain finer details that
are effective for distinguishing subtle differences between
semantically similar actions.

Impact of total timesteps T . The results of the ablation
study on diffusion timesteps are shown in Table 5. We ob-
serve that the choice of T has a significant impact on perfor-
mance across all datasets and splits. When T is too small,
the model tends to overfit, as the problem becomes too sim-
ple, limiting the diversity in noise added to the skeleton fea-
tures during training. On the other hand, too large T val-
ues introduces diverse noise strengths, making it challeng-
ing for the model to denoise effectively, which deteriorates
performance. The best T is found empirically with T = 50,
striking a balance between maintaining a challenging task
and avoiding overfitting.

Effect of random Gaussian noise. To examine the role of
Gaussian noise in training, we conducted ablation studies
by using fixed Gaussian noise during both training and in-
ference, instead of introducing new random noise at each
training step. As shown in Table 6, using fixed Gaussian
noise overly simplifies the learning process, causing the net-
work to overfit specific noise patterns and reducing its gen-
eralization ability. In contrast, introducing random Gaus-
sian noise at each step increases variability in the learning
process, acting as a regularization mechanism that prevents
overfitting. This enhances model robustness and improves
the alignment between skeleton features and text prompts.

Impact of timestep ttest and noise ϵtest in inference.
We conducted experiments across different test timesteps
ttest ∈ [0, 50] and observed the accuracy trends on multiple
datasets, as illustrated in Fig. 4. Based on these observa-
tions, we set ttest = 25 for all experiments. To examine
the impact of noise during inference, we repeated experi-
ments with 10 different random Gaussian noise samples. In
Fig. 4, the shaded orange regions in the graphs depict the
variances in top-1 accuracy due to noise, while the red lines
represent the average accuracy. The blue dashed lines in-

Total T
NTU-60 (Acc, %) NTU-120 (Acc, %)

55/5 split 48/12 split 110/10 split 96/24 split
1 85.03 44.10 69.91 60.35
10 84.51 50.89 69.97 62.04
50 86.49 56.03 74.15 65.06

100 83.48 56.27 71.05 64.57
500 81.34 53.43 71.93 60.81

Table 5. Ablation study on the impact of total timesteps T in the
training of the diffusion process.

Gaussian
noise ϵ

NTU-60 (Acc, %) NTU-120 (Acc, %)
55/5 split 48/12 split 110/10 split 96/24 split

Fixed 76.40 44.25 64.01 52.21
Random 86.49 56.03 74.15 65.06

Table 6. Ablation study on the effect of noise ϵ during training.

dicate the second-best method’s accuracy for comparison.
Our analysis shows that while noise variations can cause up
to a ±2.5%-point changes in top-1 accuracy at ttest = 25,
our TDSM shows consistently outperforming the state-of-
the-art methods regardless of noise levels.

6. Conclusion
Our TDSM is the first framework to apply diffusion models
to zero-shot skeleton-based action recognition. The selec-
tive denoising process promotes a robust fusion of skele-
ton and text features, allowing the model to develop a dis-
criminative feature space that can generalize to unseen ac-
tion labels. Also, our approach enhances discriminative fu-
sion through the TD loss which is designed to denoise GT
skeleton-text pairs effectively while preventing the fusion
of incorrect pairs within the seen dataset. Extensive exper-
iments show that our TDSM significantly outperforms the
very recent SOTA models with large margins for various
benchmark datasets.
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