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Abstract. Zero-shot skeleton-based action recognition aims to identify
unseen actions via semantic transfer. The existing methods often strug-
gle with the topological mismatch between skeleton and text manifolds,
leading to loose decision boundaries due to weak constraints and fail-
ing to adapt to unseen distributions during static inference. To miti-
gate this challenge, we propose ProtoFM, a novel generative framework
based on conditional flow matching and prototype guidance. First, in-
stead of heterogeneous skeleton-text matching, ProtoFM introduces a
generative matching paradigm that performs homogeneous skeleton and
pseudo-skeleton matching by synthesizing features via ODE-based flow
integration. Second, we propose a prototype-guided center loss that an-
chors flow-trajectory states to learnable class prototypes, encouraging
compact semantic clusters and improved class separation. Last, at the
inference phase, we develop a training-free prototype-guided rectification
strategy that exploits a global memory bank for progressive test-time
refinement. Extensive experimental results obtained on multiple bench-
marking datasets demonstrate the superiority of the proposed ProtoFM
method over the state-of-the-art approaches.

Keywords: Skeleton-based Action Recognition · Zero-shot Learning ·
Generative Homogeneous Matching · Flow Matching

1 Introduction

Human action recognition underpins a wide spectrum of practical applications,
including human behavior analysis [29,41], intelligent surveillance [15,17,28], etc.
Among various modalities, skeleton sequences are particularly attractive due to
their computational efficiency and relative robustness to appearance and envi-
ronmental variations. While conventional methods [7, 26, 36] achieve promising
⋆ Corresponding author: Zhenhua Feng (fengzhenhua@jiangnan.edu.cn).
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Fig. 1: A conceptual comparison between ProtoFM and previous methods.

results when large labeled data is available, their performance degrades signif-
icantly on unseen action categories that are absent from the training set. To
mitigate this limitation, Zero-Shot Skeleton Action Recognition (ZSSAR) has
been introduced, aiming to recognize unseen actions by transferring knowledge
via a shared semantic space, typically bridging the heterogeneous gap between
skeleton sequences and linguistic descriptions.

Early ZSSAR methods [12, 21, 43] predominantly rely on global alignment,
mapping holistic skeleton features to class-level semantic representations. How-
ever, such coarse-grained matching may overlook fine-grained motion cues that
are often critical to distinguish visually similar actions. Motivated by this lim-
itation, recent studies have shifted to fine-grained modeling, ranging from the
decomposition of skeleton sequences into local body parts [4, 44] to the inte-
gration of LLMs for semantic refinement [3, 45]. Notably, generative models,
such as Variational Autoencoders (VAEs) and Diffusion Models [9, 22, 35], have
gained increasing attention from the community. These approaches typically
employ cross-modal generative frameworks in which the skeleton and semantic
modalities are coupled through a shared latent prior (often Gaussian), thereby
encouraging implicit alignment and reducing the modality gap.

Despite recent advances, existing ZSSAR paradigms, whether contrastive or
generative, face two persistent challenges: limited feature discriminability and
unstable latent geometry. Contrastive approaches typically optimize global- or
local-level alignment objectives that pull skeleton representations toward seman-
tic embeddings. However, such soft alignment constraints may not explicitly en-
force intra-class compactness, leading to overlapping class distributions where
fine-grained actions remain entangled. Generative methods aim to synthesize
features for unseen classes, but they commonly rely on stochastic sampling.
Without explicit geometric regularization, sampling-induced variance can yield
dispersed feature embeddings that drift away from true class centers, further
weakening decision boundaries. Beyond feature representations, both paradigms
suffer from domain shift: models trained on seen categories generalize poorly to
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unseen actions, motivating recent test-time refinement strategies that calibrate
semantic anchors or caches with target-domain statistics.

As depicted in Fig. 1, to bridge the modality gap while mitigating the insta-
bility induced by stochastic generation, we propose a novel framework, namely
ProtoFM, which reframes ZSSAR from heterogeneous cross-modal alignment to
homogeneous generative matching. While conventional generative models (e.g.,
VAEs) often fail to establish stable mappings between static semantics and dy-
namic skeleton motions due to their stochastic nature, ProtoFM adopts Con-
ditional Flow Matching (CFM) as the backbone and models cross-modal gen-
eration via Ordinary Differential Equation (ODE) based flow integration. This
formulation constructs a stable transport path from a simple noise distribution
to skeleton features, enabling deterministic feature synthesis conditioned on se-
mantics and direct, efficient matching in a shared latent space. Nevertheless,
feature generation alone does not guarantee discriminability or compactness.
We observe that, without explicit geometric constraints, synthesized features
for unseen classes tend to be loosely distributed, leading to ambiguous decision
boundaries. To address this, we propose a Prototype-Guided Center (PGC) loss
that serves as a geometric regularizer by explicitly anchoring the states of flow
trajectories to dynamic and learnable class prototypes. In this way, the generated
features are encouraged to concentrate into tight and separable clusters rather
than forming dispersed clusters. Last, domain shift remains a practical obstacle:
prototypes inferred purely from seen-class semantics may not align well with the
true feature distribution of unseen samples. To reduce this discrepancy, we intro-
duce a test-time prototype rectification strategy that leverages high-confidence
test-time statistics to calibrate prototypes during inference. This rectification
aligns prototypes with the actual unseen-domain distribution without requiring
additional training.

In summary, the main contributions of ProtoFM include:

– A generative paradigm based on conditional flow matching, reformulating
heterogeneous alignment as homogeneous skeleton & pseudo-skeleton match-
ing via deterministic ODE trajectories for robust semantic transfer.

– A prototype-guided center loss that improves latent-space compactness and
separability by steering flow-trajectory states toward learnable class proto-
types, thereby reducing intra-class variance and enhancing discriminability.

– A training-free memory-bank guided rectification strategy that accumulates
high-confidence test predictions in an online memory bank and uses the
resulting empirical evidence to calibrate prototypes during inference, miti-
gating domain shift without additional training.

– Extensive experiments obtained on NTU RGB+D 60, NTU RGB+D 120,
and PKU-MMD demonstrate that ProtoFM achieves state-of-the-art perfor-
mance under both zero-shot and generalized zero-shot settings.
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2 Related Work

2.1 Zero-Shot Skeleton-Based Action Recognition

The existing ZSSAR approaches can be roughly categorized into embedding-
alignment-based methods and generative-alignment-based methods, depending
on how skeleton features are associated with semantic descriptions.

Embedding-Alignment-Based Methods usually learn a shared embed-
ding or a compatibility function to directly align skeleton representations with
language semantics. Typical techniques include contrastive learning, mutual in-
formation maximization, and prompt learning, which encourage skeleton features
to be close to the corresponding class semantics. Early works mainly focus on
global alignment. For instance, SMIE [43] aligns class-level skeleton and seman-
tic distributions via mutual information maximization. Recent methods pursue
richer semantics and finer-grained alignment by exploiting LLM-generated de-
scriptions, part-aware modeling, dual prompts, evolving prototypes, and multi-
level semantic alignment [3,4,20,37,44]. These approaches enrich semantic repre-
sentations and strengthen cross-modal correspondence between skeleton and tex-
tual features, leading to improved knowledge transfer from seen to unseen classes.
From the adaptation perspective, PGFA [42] rectifies unseen text features with
high-confidence test-time prototypes to alleviate alignment bias, while Dyna-
PURLS [46] dynamically refines textual features using a confidence-aware mem-
ory bank. Skeleton-Cache [47] further explores training-free test-time adaptation
through a non-parametric cache of structured skeleton descriptors. In addition,
PP-CDL [48] and SCoPLe [45] adapt vision-language models via LoRA [31] or
semantic-guided prompts, respectively, further enhancing semantic transfer and
generalization under limited supervision.

Generative-Alignment-Based Methods aim to bridge the modality gap
by synthesizing features or learning robust latent distributions with generative
models such as VAE [18] and diffusion models. SynSE [12] learns separate VAEs
for verbs and nouns to enable compositional generalization. GZSSAR [21] incor-
porates a VAE-based module to fuse multiple semantic sources, including action
and motion descriptions. SA-DVAE [22] improves robustness by disentangling
skeleton features into semantic-related & semantic-irrelevant components and
aligning only the informative parts. FS-VAE [35] further integrates frequency-
domain analysis via discrete cosine transform into the VAE framework. Flora [5]
adopts a dual-VAE architecture and replaces the standard KL divergence with a
geometric consistency objective that directly aligns the latent statistics of skele-
tons and semantics. TDSM [9] introduces diffusion models for ZSSAR, where the
reverse diffusion process implicitly aligns skeleton features with text prompts in
a unified latent space.

2.2 Flow Matching

Flow Matching (FM) [23, 24] provides a stable and deterministic alternative to
diffusion [13] by learning vector fields for ODE-based density transport. Recent
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methods have scaled FM to multi-modal tasks like speech [6, 39], images [11],
videos [30], motion [14], and robotics [40], while others linearize trajectories by
incorporating geometric priors such as optimal transport [2, 19] and topology
preservation [10]. These advances underscore FM’s potential as a transparent
geometric interface, enabling explicit regularization of latent structures for ef-
fective cross-modal alignment, which is particularly beneficial for aligning het-
erogeneous skeleton-semantic features.

Summary: To the best of our knowledge, ProtoFM is the first to leverage
the generative capability of conditional flow matching for ZSSAR. Rather than
direct “Text-to-Skeleton” alignment, which suffers from a large modality gap, we
reformulate the task as “Real-to-Pseudo Skeleton” matching. Through an ODE-
based generative trajectory, text prompts are converted into pseudo-skeleton
features, transforming heterogeneous cross-modal matching into homogeneous
same-domain matching and mitigating domain disparity during inference.

3 The Proposed ProtoFM Method

3.1 Problem Definition

ZSSAR aims to transfer knowledge from seen to unseen action categories. Let
D = {(si, yi, τyi)}Ni=1 denote a dataset, si ∈ RJ×3×F×P is the skeleton sequence
with J joints, 3 coordinates, F frames, and P subjects, yi ∈ C is the action label,
and τyi

is the corresponding text description. The label set C is partitioned into
disjoint seen and unseen sets, denoted by Cs and Cu, respectively. Accordingly,
D is split into a training set Dtr with yi ∈ Cs, and testing sets Ds

te and Du
te.

Standard Zero-Shot Learning (ZSL) and Generalized ZSL (GZSL) evaluate a
method on Du

te and Ds
te ∪ Du

te, respectively.
For ZSSAR, we extract skeleton and semantic representations and relate them

in a shared latent space. Specifically, the model consists of a skeleton encoder
Fs pretrained on seen classes and a pretrained text encoder Fτ . For an input
instance si, the features are processed as follows:

f i
s = Fs(si), f i

τ = Fτ (τyi
), (1)

where f i
s and f i

τ are skeleton and semantic features. The objective of ZSSAR is
to learn a transferable association between these two modalities such that, given
a test skeleton from an unseen class, the model can correctly predict its label
using only the corresponding semantic descriptions.

3.2 Generative Flow Matching Process

The objective of ProtoFM is to synthesize discriminative skeleton features for ac-
tion categories by learning a deterministic transport from noise prior to skeleton
distribution. This process is conditioned on enriched semantic representations
that capture both global context and temporal evolution of actions.
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Fig. 2: An overview of the proposed ProtoFM framework.

To fully exploit the guiding capability of text, we employ GPT-4 [1] to gen-
erate action descriptions at two granularities: a holistic description providing
a global summary, and a phase-wise description decomposing the action into
initiation, execution, and completion stages, the specific details are provided
in Appendix C. Given these descriptions, we utilize a frozen CLIP text en-
coder [31] to extract eg and el, where eg ∈ R1×Dtxt denotes global text features,
and el ∈ RMl×Dtxt denotes local text features, with Ml text tokens, Dtxt is the
size of text features. The final semantic condition c is formed by concatenating
the global and local features: c = [eg|el]. During training, we utilize both the
ground-truth positive condition c+ = [e+g |e+l ] + t and a randomly sampled nega-
tive condition c− = [e−g |e−l ]+ t to enhance the model’s discriminative capability,
where t is the timestep embedding.

As shown in Fig. 2, we model the generation as a Conditional Flow Matching
(CFM) process. Let s denote a skeleton sequence, which is first mapped by a
skeleton encoder to a latent feature fs = Fs(s), where fs ∈ R1×Dsk represents
a sample from the target skeleton distribution Ps, Dsk is the size of skeleton
features. Simultaneously, we sample noise x0 from a standard Gaussian prior
Pn = N (0, I). Following the theory of Optimal Transport, we construct a linear
interpolation from the noise sample x0 to the skeleton latent fs. This interpola-
tion induces a linear probability path pt, where the intermediate state xt ∼ pt
is defined as:

xt = [1− (1− σm)t]x0 + tfs, σm = 10−4, t ∈ [0, 1]. (2)

The target of our framework is to learn a flow matching Transformer, denoted
as θ(xt, t, c), which predicts a time-dependent velocity field that transport x0

toward fs. The primary optimization objective is to minimize the discrepancy
between the predicted velocity and the constant target drift v∗ = dxt

dt = fs −
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Fig. 3: An illustration of the proposed Prototype-Guided Center (PGC) loss.

(1− σm)x0:
Lfm = Et,x0,fs

[
∥vθ(xt, t, c

+)− v∗∥22
]
, (3)

where vθ(xt, t, c
+) denotes the predicted velocity. By minimizing Lfm, the model

learns to construct a straight and efficient trajectory in the latent space, guided
by the positive semantic condition c+.

Semantic Alignment via Triplet Loss. Beyond trajectory correctness,
the learned vector field should be sensitive to semantic differences. Inspired by
TDSM [9], we incorporate a Triplet Flow Matching loss (Ltf ) to enhance se-
mantic discriminability. We define a flow-based distance metric Dis(vθ, c) =
Et,x0,fs∥vθ(xt, t, c)− (fs−x0)∥22, which quantifies the alignment discrepancy be-
tween the predicted velocity and the target drift under condition c. The triplet
loss enforces that the alignment error for a matched text-skeleton pair (c+) re-
mains smaller than that of a mismatched pair (c−) by a margin β:

Ltf = max
(
0, Dis(vθ, c

+)−Dis(vθ, c
−) + β

)
. (4)

This constraint ensures that the evolution of the vector field is accurately guided
by the intended semantic context, effectively refining the cross-modal alignment.

3.3 Prototype-Guided Geometric Regularization

Standard conditional flow matching emphasizes matching the vector field along
the path, but it does not explicitly encourage compact class-wise structure in the
generated feature space. As a result, the generated skeleton features are loosely
distributed, which harms discriminability. To address this issue, we introduce a
Prototype-Guided Center (PGC) loss, as illustrated in Fig. 3. First, we maintain
a set of learnable prototypes P = {Pk}Kk=1, where each Pk represents a class
center in the latent space and is randomly initialized. Second, since the inter-
mediate state xt is noisy and unsuitable for direct clustering, we leverage the
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linearity of the ODE formulation to project the current state xt onto the clean
data manifold, yielding a one-step estimation of f̂s:

f̂s = xt + (1− t) · vθ(xt, t, c
+), (5)

where f̂s represents the predicted skeleton features at t = 1 given the current
state at time t. We then formulate the PGC loss to minimize the intra-class
distance between the estimated features and its corresponding class prototype
Py. Crucially, to prevent gradient instability during the early training phase, we
adopt a Soft-Start Strategy with a warm-up threshold Ewarm:

Lpgc =

{
1
2

∑
∥sg(f̂s)− Py∥22 if epoch < Ewarm

1
2

∑
∥f̂s − Py∥22 otherwise

, (6)

where sg(·) denotes the stop-gradient operator. This strategy ensures that ini-
tially, only prototypes are updated to adapt to the feature distribution. Then,
the flow matching Transformer is actively guided to generate compact clusters
around these prototypes.

Overall Training Objective. The overall training loss is defined as:

Ltotal = λfmLfm + λpgcLpgc + λtfLtf , (7)

where λfm, λpgc, and λtf are balancing parameters of the flow matching loss,
the geometric regularization, and the semantic alignment term.

3.4 Generative Inference with Online Rectification

To mitigate the domain shift issue, we propose a unified online inference
paradigm for ZSL and GZSL, which sequentially adapts to the target domain.
This is realized via the Prototype Memory bank Guided Rectification (PMGR)
strategy. Specifically, we employ class-level prototypes as stable anchors for fea-
ture matching and domain-specific adjustment. As illustrated in Fig. 4, for each
incoming feature f = Fs(s) (s ∈ Dte, where Du

te for ZSL and Ds
te ∪ Du

te for
GZSL), PMGR performs incremental refinement through three core steps: gen-
erative matching, memory update, and prototype guided rectification.

Generative Maximum Matching. Let Ctgt denote the candidate label
space (Cu for ZSL and Cs∪Cu for GZSL). For each class y ∈ Ctgt, conditioned on
its textual description τy, the flow matching Transformer synthesizes a support
set Gy = {f̂m}Mm=1 via ODE sampling with ns integration steps. To evaluate the
similarity between the features f of a test sample and the class label y, we define
the class-wise generative score as the maximum cosine similarity between f and
the generated samples in Gy:

sgen(f, y) = max
f̂∈Gy

cos(f, f̂). (8)

By calculating this for all classes, we obtain the generative score vector sgen =
[sgen(f, y)]y∈Ctgt , which serves as the primary confidence criterion for subsequent
online adaptation.
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Online Memory Bank Update. For the features f of each test sample,
we assign an initial pseudo-label ŷ = argmaxy∈Ctgt sgen(f, y) and record its cor-
responding confidence γ = sgen(f, ŷ). To capture the underlying distribution of
the target domain, we maintain a class-wise memory bank B = {By}y∈Ctgt with
a maximum capacity of M for each class. Specifically, each By stores M skeleton
features and their corresponding confidence scores, denoted as (f, γ) for each,
which are utilized for the subsequent update. We adopt a priority-based update
strategy: a new pair (f, γ) replaces the element in Bŷ with the lowest confidence
only if γ is higher. This mechanism ensures that the memory bank consistently
retains the most representative skeleton features as target-domain evidence.

Prototype Guided Rectification. Based on the updated memory bank,
we compute a visual prototype µvis

y for each class by taking the normalized mean
features in By, µvis

y = Normalize( 1
|By|

∑
(f ′,γ′)∈By

f ′). The alignment with these
real samples is captured by the rectification score srect(f, y) = cos(f, µvis

y ), then
we get srect = [srect(f, y)]y∈Ctgt . The final prediction y∗ is determined via a
weighted fusion of the generative and rectified score vectors:

sfinal = αsgen + (1− α)srect, y∗ = arg max
y∈Ctgt

sfinal(f, y), (9)

where α is a balancing coefficient that weights the prior generative knowledge
against the observed target-domain evidence.

4 Experiments

This section presents a comprehensive evaluation of the proposed ProtoFM
method on widely used benchmarks for skeleton-based action recognition. We
conduct experiments on three public datasets, including NTU RGB+D 60 [33],



10 X. Liu, C. Wu, W. Fang, Z. Feng

Table 1: A comparison with the state-of-the-art methods on NTU RGB+D 60 (XSub)
and NTU RGB+D 120 (XSub) dataset under the ZSL and GZSL settings. The best
and the second-best results are marked in Red and Blue, respectively.

Method Venue

NTU RGB+D 60 (Xsub) NTU RGB+D 120 (Xsub)

55/5 Split 48/12 Split 110/10 Split 96/24 Split

ZSL GZSL ZSL GZSL ZSL GZSL ZSL GZSL

Acc S U H Acc S U H Acc S U H Acc S U H

ReViSE [16] ICCV-17 69.5 40.8 50.2 45.0 24.0 21.8 14.8 17.6 19.8 0.6 14.5 1.1 8.5 3.4 1.5 2.1
JPoSE [34] ICCV-19 73.7 66.5 53.5 59.3 27.5 28.6 18.7 22.6 57.3 53.6 11.6 19.1 38.1 41.0 3.8 6.9
CADA-VAE [32] CVPR-19 76.9 56.1 56.0 56.0 32.1 50.4 25.0 33.4 52.5 50.2 43.9 46.8 38.7 48.3 27.5 35.1
SynSE [12] ICIP-21 71.9 51.3 47.4 49.2 31.3 44.1 22.9 30.1 52.4 57.3 43.2 49.5 41.9 48.1 32.9 39.1
GZSSAR [21] ICIG-23 83.6 71.7 66.2 68.8 49.2 58.8 40.0 47.6 71.2 46.8 68.3 55.6 59.7 56.8 48.6 52.4
SMIE [43] ACMMM-23 77.9 - - - 41.5 - - - 61.3 - - - 42.3 - - -
PURALS [44] CVPR-24 79.2 - - - 41.0 - - - 72.0 - - - 52.0 - - -
SA-DVAE [22] ECCV-24 82.4 62.8 70.8 66.3 41.4 50.2 36.9 42.6 68.8 61.1 59.8 60.4 46.1 58.8 35.8 44.5
STAR [4] ACMMM-24 81.4 69.0 69.9 69.4 45.1 62.7 37.0 46.6 63.3 59.9 52.7 56.1 44.3 51.2 36.9 42.9
DVTA [20] PR-25 79.3 - - - 44.1 - - - 74.9 - - - 51.8 - - -
InfoCPL [37] TMM-25 85.9 - - - 53.3 - - - 74.8 - - - 60.1 - - -
ScoPLe [45] CVPR-25 84.1 69.6 71.9 70.8 53.0 54.5 61.8 57.9 74.5 63.5 61.1 62.3 52.2 53.3 51.2 52.2
Neuron [3] CVPR-25 86.9 69.1 73.8 71.4 62.7 61.6 56.8 59.1 71.5 67.6 59.5 63.3 57.1 67.5 44.4 53.6
FS-VAE [35] ICCV-25 86.9 77.0 74.5 75.7 57.2 56.2 48.6 52.1 74.4 59.2 67.9 63.3 62.5 57.8 51.9 54.7
TDSM [9] ICCV-25 86.5 - - - 56.0 - - - 74.2 - - - 65.1 - - -

ProtoFM - 87.3 76.0 76.2 76.1 73.2 70.5 54.6 61.5 82.9 68.3 60.6 64.2 69.5 54.6 57.4 56.0

NTU RGB+D 120 [27], and PKU-MMD I [25]. In addition, ablation studies
are conducted to verify the impact of the proposed innovative components for
zero-shot action recognition.

4.1 Experimental Settings

Following previous studies [12,22], we adopt the standard seen and unseen class
partition protocols for skeleton-based zero-shot action recognition. Specifically,
we consider standard splits [4, 12], random splits [4, 22, 43], and more stringent
evaluation settings [44]. The full specifications of these datasets and partitions
are provided in Appendix B of the supplementary material. In the ZSL setting,
we report Top-1 accuracy Acc = 1

N

∑N
i=1 I(yi == ŷ) on the unseen test set

Du
te. For GZSL, we measure accuracy on seen categories (S) using Ds

te, unseen
categories (U) using Du

te, and report their harmonic mean H = (2×S×U)/(S+
U). Additional implementation details are provided in Appendix D.

4.2 Comparison with State-of-the-Art

Evaluation on the Basic Split Benchmark. We first evaluate ProtoFM
on the Xsub benchmarks of NTU-60 and NTU-120 under the basic split setting.
The results are reported in Table 1. Following prior protocols, we conduct exper-
iments using skeleton features extracted by SynSE [12]-based 4s-Shift-GCN [8]
and STAR [4]-based 1s-Shift-GCN. Across all configurations, ProtoFM demon-
strates strong performance in both ZSL and GZSL scenarios, achieving the best
results on the two commonly used splits of NTU-60 and NTU-120.
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Table 2: Average performance on three random seen–unseen splits.

Method Venue NTU-60 NTU-120 PKU-MMD I

ZSL GZSL ZSL GZSL ZSL GZSL

ReViSE [16] ICCV-17 60.9 60.3 44.9 40.3 59.3 49.8
JPoSE [34] ICCV-19 59.4 60.1 46.7 43.7 57.2 51.6
CADA-VAE [32] CVPR-19 61.8 66.4 45.2 45.6 60.7 45.8
SynSE [12] ICIP-21 64.2 67.5 47.3 43.5 60.8 49.5
SMIE [43] ACMMM-23 65.1 – 46.4 – 60.8 –
SA-DVAE [22] ECCV-24 84.2 75.3 50.7 47.5 66.5 54.7
SCoPLe [45] CVPR-25 83.7 77.7 53.3 54.1 71.4 54.9
TDSM [9] ICCV-25 88.9 – 69.5 – 70.8 –
FS-VAE [35] ICCV-25 – – – – 71.2 59.0

ProtoFM - 94.1 78.2 72.1 62.1 71.5 55.6

Table 3: Influence of each innovative component in our ProtoFM method.

Ltf Lpgc PMGR
NTU-60 (48/12) NTU-120 (110/10)

ZSL GZSL ZSL GZSL

✗ ✗ ✗ 55.1 54.0 69.2 60.1
✓ ✗ ✗ 57.5 55.6 72.1 60.3
✓ ✓ ✗ 69.2 58.1 76.2 63.2
✓ ✓ ✓ 73.2 61.5 82.9 66.6

Specifically, for ZSL on the NTU-60 Xsub benchmark (under 55/5 and 48/12
splits), ProtoFM outperforms the current state-of-the-art method Neuron [3],
by 0.4 and 10.5 in Acc, respectively. Similarly, on the NTU-120 Xsub dataset,
ProtoFM outperforms the second-best methods, DVTA [20] and TDSM [9], by
8.0 (110/10 split) and 4.4 (96/24 split) in Acc, respectively. Meanwhile, ProtoFM
achieves significantly higher accuracy than competing methods in the GZSL set-
ting. Appendix E further demonstrates the classification stability and robustness
of our method under extreme split settings (extended from PURLS [44]), and
the results obtained on the Xview and Xset benchmarks.

Evaluation on the Random Split Benchmark. We further assess our
approach under the random split benchmark following the evaluation protocol
of [43]. For each dataset, we construct three random seen and unseen partitions
and extract skeleton features using ST-GCN [38]. The results in Table 2 report
the average performance over these splits. ProtoFM consistently outperforms all
competing approaches across the three datasets, with especially clear gains in
the ZSL setting.



12 X. Liu, C. Wu, W. Fang, Z. Feng

Table 4: Ablation study on different types of descriptions under the ZSL setting. The
results compare models trained with only holistic descriptions, only phased descrip-
tions, and the combination of both.

Holistic Phased
NTU-60 (Acc, %) NTU-120 (Acc, %)

55/5 split 48/12 split 110/10 split 96/24 split

✓ ✗ 82.7 59.3 79.8 59.1
✗ ✓ 80.9 65.8 80.8 56.7
✓ ✓ 87.3 73.2 82.9 69.5

4.3 Ablation Study

Influence of the Innovative Components. The ablation study in Table 3
evaluates the contribution of the triplet flow matching loss Ltf , the prototype-
guided center loss Lpgc, and the Prototype Memory Bank Guided Rectification
strategy (PMGR). Unless otherwise specified, all settings in Table 3 include the
flow matching loss Lfm as the default objective. Specifically, employing Lfm

alone ensures geometric path correctness but lacks explicit semantic constraints,
leading to ambiguous decision boundaries. Conversely, adding Ltf enforces inter-
class separability, while Lpgc enhances intra-class compactness by anchoring tra-
jectories to learnable prototypes. Introducing the PMGR strategy during the
inference stage further improves the accuracy. Ultimately, the full combination
strikes an optimal balance between generative fidelity, semantic separability, and
structural compactness, achieving state-of-the-art performance.

Contribution of the Holistic and Phased Descriptions: As shown in
Table 4, using both description types consistently outperforms single-granularity
baselines across all benchmarks. Holistic descriptions act as a global semantic an-
chor, capturing high-level context for robust matching. Complementarily, phased
descriptions provide temporally structured supervision, enabling the distinction
of actions with similar global contexts but different execution dynamics. The
substantial accuracy boost (e.g., from 82.7 to 87.3 on the NTU-60 55/5 split)
empirically confirms that global semantic consistency and fine-grained temporal
discriminability are mutually complementary.

Impact of the Per-Class Memory Capacity. As illustrated in Fig. 5, we
vary the memory capacity M of each class from 20 to 100 in increments of 10 and
observe a rise-then-fall trend, with the best performance at M=80. When M is
small (e.g., 20–40), each class memory bank contains too few reliable samples
to cover intra-class variations, yielding unstable and noisy prototypes that are
sensitive to early predictions. As M increases, the bank better captures class
diversity, producing smoother prototypes and more effective rectification. How-
ever, a large M tends to accumulate imperfect pseudo-labeled instances over
time, making prototypes over-smoothed and less discriminative, and amplify-
ing confirmation bias during online updates. Overall, M=80 provides the best
balance between representativeness and purity, and is used by default.
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(a) NTU-60 (48/12) (b) NTU120 (110/10)

Fig. 5: Analysis of prototype memory bank capacity (M) of each class and the corre-
sponding average confidence on NTU60 and NTU120.
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default
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default
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Fig. 6: Performance comparison on NTU-60 and NTU-120 with different ODE inte-
gration steps ns during the inference phase.

Influence of Inference ODE Steps. As illustrated in Fig. 6, the model’s
performance fluctuates across varying ODE integration steps (ns). A consis-
tent performance degradation is observed at both insufficient and excessive step
counts. For smaller step counts, the trajectory estimation lacks adequate refine-
ment and fails to fully capture the guidance from textual conditions. In contrast,
as the step count increases beyond an optimal threshold, cumulative numerical
errors and over-reliance on fragmented velocity directions lead to trajectory devi-
ations. This leads to distribution shifts and a subsequent decline in classification
accuracy.

4.4 Qualitative Analysis

Visualization of Generation Quality. Fig. 7 visualizes the t-SNE distri-
butions of real unseen-class skeleton features and the corresponding pseudo-
features generated by the flow matching Transformer on NTU60 (55/5) and
NTU120 (110/10). Overall, for most unseen categories, the generated samples
form compact clusters that closely align with their real counterparts while re-
maining well-separated from other classes. This demonstrates the ability of flow
matching Transformer in effectively bridging the domain gap between semantics
and visual features. However, as highlighted in Fig. 7, we observe a challenging
case induced by semantic similarity: classes like “reading” and “writing” appear
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Fig. 7: The t-SNE visualization of real (circles) and synthesized (triangles) skeleton
features on NTU60 (55/5) and NTU120 (110/10).
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Fig. 8: Flow velocity visualization from shared noise to class-specific modes. Subfigures
(a) and (b) illustrate the distributions of transport trajectories obtained on NTU-60
and NTU-120, respectively.

partially entangled in the feature space. Since these actions share highly simi-
lar motion patterns, they are embedded nearby in the pretrained space, making
perfect disentanglement difficult even for the generative model. Nevertheless,
the general trend remains consistent across different splits, suggesting that the
learned trajectories generalize well to more complex unseen scenarios.

Visualization of Multi-Class Flow Velocity. Fig. 8 illustrates the tra-
jectories of the same initial noise under different class-text conditions. Starting
from an identical state at t=0, the paths progressively diverge into distinct, class-
specific trajectories, indicating that flow matching Transformer learns a condi-
tional vector field capable of steering a shared prior into unique modal regions.
Notably, for semantically proximal actions such as “reading” and “writing”, the
predicted flow velocities exhibit some overlap (indicated by red dashed circles in
Fig. 8a and Fig. 8b). From a manifold perspective, this suggests that the vec-
tor fields for such actions are closely aligned, posing a challenge for fine-grained
separation during the transport process. To mitigate this, our Prototype-Guided
Center Loss anchors intermediate states to class prototypes, effectively reducing
trajectory drift and guiding the noise distribution toward the real skeleton man-
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ifold while maintaining as much inter-class separability as possible as the value
of t approaches 1.

5 Conclusion

In this paper, we presented ProtoFM, a novel framework that reframes the ZS-
SAR paradigm from heterogeneous cross-modal alignment to homogeneous gen-
erative matching. Leveraging conditional flow matching, ProtoFM modeled a
deterministic transport process from noise to skeleton distributions conditioned
on semantics, which effectively bridges the modality gap and enables efficient
matching in a shared latent space. To improve the discriminability of the gen-
erated manifold, we introduced a prototype-guided center loss that explicitly
encourages intra-class compactness by steering generated features toward learn-
able class prototypes along the flow trajectories. To further mitigate the domain
shift in unseen scenarios, we proposed a training-free, memory bank-based recti-
fication strategy that calibrated prototypes using high-confidence target-domain
observations. Together, these components provide a robust generative baseline
for ZSSAR and highlight the potential of flow-based modeling for cross-modal
transfer under limited supervision.
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