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Abstract--- This paper presents Action-SGFA, a novel action
feature alignment approach to learn unified joint embeddings
across four action modalities incorporating scene graph (SG)
comprehension. A new training paradigm for Action-SGFA is
also devised to improve pre-trained VL models using datasets
with SG annotation. When learning from image-SG pairs,
it captures structure-associated action knowledge for visual
and textual encoders. SG supervision generates fine-grained
captions based on various graph augmentations highlighting
different compositional aspects of action scenes. Furthermore,
our research reveals that all combinations of paired data
are unnecessary to train such unified embeddings, and only
image-paired data is sufficient to bind all action modalities
together. Our Action-SGFA can leverage existing large VL
models, enhancing their zero-shot capabilities of new modalities
due to their natural pairings with images. The open-vocabulary
zero-shot performance improves with the strength of the pre-
trained VL model and the SG comprehension. We establish a
new state-of-the-art in several zero-shot action recognition tasks
across modalities, significantly surpassing the vanilla skeleton
zero-shot method by 27.0% and 19.7% on NTU-60 and NTU-
120, respectively. Additionally, in the context of RGB videos, we
surpass the state-of-the-art method on Kinetics-400 by 2.1%.

I. INTRODUCTION

Action recognition has been an active research topic due to
its diverse applications in human-computer interaction, sports
analysis, and entertainment. Previous studies in this area can
be categorized into two main approaches: those utilizing visual
appearance information extracted from RGB videos [1]--[4]
and those focusing on human skeleton data [5]--[8]. No-
tably, these approaches often treat actions as monolithic
events [9]--[12]. Many existing models adopt end-to-end
prediction strategies, assigning a single label to an extended
video sequence [13]--[17] without explicitly decomposing
events into a sequence of interactions between objects.

Understanding the structure of visual scenes is a funda-
mental problem in machine perception, and numerous prior
studies [18]--[23] have extensively explored this domain.
Datasets containing scene graph (SG) annotations (e.g., Visual
Genome [24] and Action Genome [25]) have been collected
and employed for training models to capture structural
information within visual scenes. While they contribute to
scene comprehension, these datasets are relatively small and
expansive to collect compared to large-scale image-text pair
datasets. Consequently, many large-scale vision and language
(VL) models often overlook incorporating such SG data. Our
approach demonstrates the feasibility of enhancing VL models

∗The corresponding author. Authors are with BNRist, THUAI, Depart-
ment of Computer Science, Tsinghua University, Beijing 100084, China.
{weic18@mails, ∗michael@mail}.tsinghua.edu.cn

by harnessing such specialized data through a tailored model
architecture and a novel training paradigm.

In recent years, VL models like CLIP [26] and BLIP [27]
have demonstrated remarkable performance across various
tasks, showcasing extraordinary zero-shot capabilities in areas
such as action recognition, visual question answering, and
image captioning. These achievements are attributed to their
training on extensive datasets containing image-text pairs,
exemplified by LAION 400M [28]. While numerous methods
focus on aligning image features with text [26], [28]--[34],
audio [35]--[40], and other modalities, they primarily deal
with single pairs or, at best, a limited set of visual modalities.
Unfortunately, the final embeddings are limited to the pairs
of modalities used for training. Consequently, image-skeleton
embeddings cannot directly be used for image-text tasks
and vice versa. A major obstacle in learning unified joint
embedding is the absence of large quantities of multimodal
data where all modalities are present together.

This study presents Action-SGFA, an innovative approach
for multimodal open-vocabulary action recognition. Action-
SGFA integrates SG comprehension and feature alignment
across various action modalities. Due to the constrained ability
of pre-trained VL models to comprehend action structures, we
focus on fine-tuning these pre-trained models to capture action
structure-related knowledge from SG datasets. However, for
video, skeleton, depth, and thermal embeddings, which are
not directly compatible with pre-trained VL models, Action-
SGFA establishes a unified representation space by leveraging
diverse image-paired data types. Consequently, Action-SGFA
exhibits remarkable efficacy in zero-shot action recognition
tasks across a diverse range of modalities, facilitated by its
adeptness in visual SG comprehension and multimodal feature
alignment (FA) for actions.

In the fine-tuning stage, our approach strategically incorpo-
rates components that directly supervise each representation
during the learning process from SG paired with images.
Initially, we transform image-SG pairs into image-text pairs,
creating natural inputs for VL model training. This transfor-
mation ensures that the generated text accurately describes the
structural nuances present in the SG. A notable advantage of
this approach is the production of dense and comprehensive
captions, surpassing those found in datasets like LAION.
To introduce additional structural information, we leverage
the SG to generate hard negatives. For instance, if an SG
contains an edge like "men-hitting-ball," we manipulate it by
reversing the edge to "ball-hitting-men" or by replacing an
irrelevant word like "fence-hitting-ball," thereby creating a
corresponding negative caption. A contrastive loss, computed
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Fig. 1: The framework of our Action-SGFA: We incorporate SG information into pre-trained VL models, enhancing the
capacity to comprehend the contextual aspects of human actions. Subsequently, we endeavor to learn a unified embedding
space capable of accommodating diverse human action modalities, including skeleton, depth, and thermal, and leverage
image/video-centered modality to align all of them. Ultimately, Action-SGFA possesses excellent zero-shot capabilities of
new modalities due to their natural pairings with images.

between the negative and original captions, guides the
model to focus on finer structural details. Subsequently, we
incorporate these refined structural elements into the visual
representation using MAE [41], thus facilitating the training
of the visual model. The resulting Action-SGFA model is
trained across all modalities using a unified objective function,
eliminating the need for additional supervision.

In the multimodal feature alignment stage, Action-SGFA or-
chestrates the learning of a unified shared representation space
by leveraging diverse image-paired data types. Harnessing the
binding property of images, we demonstrate that aligning each
modality’s embedding to image embeddings fosters alignment
across all modalities. Action-SGFA strategically combines
web-scale (image, text) paired data with naturally occurring
paired data, such as (image, skeleton), (image, depth), and
more. This fusion enables the learning of a unified joint
embedding space. Notably, Action-SGFA implicitly aligns text
embeddings with other modalities, including skeleton, depth,
etc., paving the way for zero-shot recognition capabilities on
these modalities without the necessity for explicit semantic
or textual pairing. Furthermore, we showcase the versatility
of Action-SGFA by illustrating its initialization with large-
scale VL models like CLIP [26], following fine-tuning with
SG. This leverages the rich representations of these models
in image, text, and image structure. Consequently, Action-
SGFA proves applicable to various modalities and tasks with
minimal additional training. We leverage extensive image-text

paired data alongside naturally paired ’self-supervised’ data,
encompassing four novel modalities: skeleton, depth, and ther-
mal. Our experiments demonstrate substantial improvements
in zero-shot action recognition for each modality. Notably,
performance gains increase as the quality of the underlying
image representation improves.

To assess our approach’s efficacy, we empirically evaluated
action recognition tasks and compared them with competitive
baselines on three popular benchmark datasets: Kinetics-
400 [42], NTU RGB+D 60 [43], and NTU RGB+D 120 [44].
Experimental results show that our model achieves state-of-
the-art performance on all three datasets.Our contributions
can be summarized as follows: (1) We propose a novel Action-
SGFA approach that harnesses structured SG annotations to
enrich pre-trained large VL models, which captures structure-
associated information for both text and image encoders
through direct supervision of visual and textual components
when learning from SG labels. (2) A new multi-modality
training paradigm for Action-SGFA, which leverages a large
fine-tuned VL model to implicitly align text embeddings to
other modalities such as skeleton and depth, is also devised to
enable zero-shot recognition capabilities on those modalities
without explicit semantic or textual pairing. (3) Our Action-
SGFA yields state-of-the-art zero-shot performance on three
prominent action recognition benchmarks: NTU RGB+D 60,
NTU RGB+D 120, and Kinetics-400 achieving accuracy gains
of 27.0%, 19.7%, and 2.1%, respectively.
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II. RELATED WORK

A. Vision and Language (VL) Models

The incorporation of linguistic signals, such as words or
sentences, during image training has proven compelling for
zero-shot, open-vocabulary recognition, and text-to-image re-
trieval [45]--[48]. Leveraging language as supervision not only
facilitates these tasks but also contributes to learning robust
image representations [49]--[51]. Recent advancements in
this domain, including CLIP [26], ALIGN [33], and Florence
[32], have curated extensive collections of image-text pairs.
These models, trained through contrastive learning, embed
image and language inputs into a joint space, showcasing
impressive zero-shot performance.

The introduction of CoCa [52] further enhances per-
formance by incorporating an image captioning objective
alongside the contrastive loss. LiT [53], adopting contrastive
training for fine-tuning, underscores the optimal results
achieved by freezing image encoders. It is noteworthy that
while prior research primarily concentrated on integrating
image and text modalities, our work extends these principles
to enable zero-shot recognition across multiple modalities.

B. Learning Structured Representations

Structured representations have proven instrumental across
various computer vision applications, contributing signifi-
cantly to advancements in video understanding [54]--[56],
relational reasoning [57]--[59], vision and language [60],
human-object interactions [61], and image-video generation
[62]. Over recent years, Scene Graphs (SGs) [20], [63] have
emerged as powerful tools, providing semantic representations
extensively applied across diverse applications.

Notably, this study underscores a remarkable discovery:
even with a modest volume of SG annotations, when
contrasted with vast repositories of image-text pair datasets,
the infusion of structured knowledge into expansive Visual-
Linguistic (VL) models becomes feasible.

III. METHOD

This section presents the details of our proposed framework
called Action-SGFA. We aim to integrate SG into pre-trained
VL models, enhancing the capacity to comprehend the contex-
tual aspects of human actions. Subsequently, we endeavor to
learn a unified embedding space capable of accommodating
diverse human action modalities, encompassing skeleton,
depth, and thermal, by the utilization of image/video modality
to align them. We show that the resulting embedding space
has a robust zero-shot behavior that automatically associates
pairs of modalities without seeing any training data for that
specific pair. We illustrate our approach in Figure 1.

A. Preliminaries

Scene graph (SG). A Scene Graph is formally represented
as a tuple G = (V,E), where: (i) Nodes V Represents the
set of n objects in the scene. Each object node encompasses
essential information, including a class label, a bounding box,
and associated attributes. -(ii) Edges E Encompasses the set
of m edges, signifying relationships within the scene. These

relationships are defined as triplets (i, e, j), where i and j
denote object nodes, and e represents the category of the
relation between objects i and j.

B. SG for Vision-Language Models

1) Structural Language Component: We delve into the
Structural Language Component, outlining how SG are trans-
formed into text and subsequently manipulated with graph
negatives to enhance the model’s structural understanding.
SG to text. For a given image I paired with its corresponding
SG G = (V,E) from the training dataset, we leverage the
graph G to create a textual caption. The process involves
systematically traversing connected components within the
graph. For each component, a textual caption is constructed
by sequentially concatenating class labels extracted from
graph edges along a Hamiltonian path. If attributes exist,
they are prepended before the object class label. The final
step involves generating a single caption by concatenating
captions of connected components, separated by a dot.
Graph negatives (GN). Recognizing that using SG data
solely as image-text pairs with a contrastive loss is insufficient
for the model to develop structural understanding, we draw
insights from contemporary research [64], [65]. Such studies
reveal that conventional contrastive learning tends to overly
focus on object labels, overlooking crucial aspects like
relations and attributes. To address this, we leverage the SG
structure and propose predefined graph-based rules. These
rules modify SG, introducing semantic inconsistencies with
the corresponding image. The transformed SG then serve as
the basis for generating negative textual captions. This set of
negatives, paired with a specified loss, motivates the model
to prioritize structural aspects.

2) Structural Visual Component: In this section, we present
the Structural Visual Component, utilizing an encoder-decoder
architecture depicted in Figure 1a. The encoder processes
the entire input, encompassing both masked and non-masked
pixels, while the decoder predicts pixel values solely for
the ’masked’ subset of the input. The model is trained to
minimize reconstruction error specifically for the masked
(unseen) part of the input.
Image/video as spatio-temporal patches. To facilitate
processing, input images or videos are represented as a 4D
tensor with shape T ×H ×W ×C, where T is the temporal
dimension, and H,W represent the spatial dimensions, while
C denotes the color channels. Treating images as single-
frame videos (T = 1), the input is then partitioned into N
spatio-temporal patches, each sized t× h× w × c [66].

3) Losses and training: We leverage CLIP [26] and
OpenCLIP [67], [68], which equipped with an image encoder
FI and a text encoder FT . The similarity computation between
an image I and a text T is calculated as follows:

Sim(I, T ) = cos(FI(I), FT (T )) (1)

Here, cos() denotes the cosine similarity.
Our training process involves two sets: a collection of

image-text pairs < I, T > and a set of image-SG pairs
〈IG, G〉. Utilizing the latter, we create positive textual
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captions 〈IG, T p〉 and negative textual captions 〈IG, Tn〉.
These pairs serve as inputs to our model during optimization,
where the following losses are minimized.
Image-text loss: Our image-text loss compose two compo-
nents: the contrastive loss and the graph negative loss.
Contrastive loss: Training VL models conventionally involves
employing the contrastive loss on image-text pairs, as demon-
strated in [26]. We adopt this standard approach with both
the original pairs < I, T > and those generated from the SG
< IG, T

p >. The contrastive loss is formulated as follows:

Lcon = InfoNCE(FI(Î), FT (T̂ )) (2)

Here, Î = I ∪ IG and T̂ = T ∪ T p.
Graph negative loss: For each image associated with a Scene
Graph, we possess a positive text T p that accurately describes
it and a negative text Tn that does not. Our loss function
aims to encourage T p to be more akin to IG than Tn (refer
to [64]). The graph-based negative loss is expressed as:

LGN =
∑

IG,Tp,Tn

−log

(
ecos(IG,Tp)

ecos(IG,Tp) + ecos(IG,Tn)

)
(3)

The image-text loss is a judiciously weighted combination
of the contrastive loss and the graph negative loss:

Ltotal = Lcon + αLGN (4)

Here, α represents a hyperparameter.
Image-decoder loss and optimization. We aim to minimize
the reconstruction error between the decoder predictions
and the input pixel values. The input pixel values undergo
normalization to achieve zero mean and unit variance, as
suggested in [69]. This normalized form serves as the target
for the loss computation. The `2 distance is minimized
between predictions and targets over M masked patches.
Throughout training, we sample either images or videos
in mini-batches, computing the loss based on the decoder
predictions.

C. Action-SGFA Modality Pairing

Action-SGFA employs modality pairs (I,M), where I
represents image/video, and M denotes another modality,
to facilitate the learning of a unified joint embedding. Our
approach leverages an extensively pre-trained VL model,
trained on large-scale web datasets with diverse <image,
text> pairings covering a wide range of semantic concepts.
Additionally, we incorporate the natural, self-supervised
pairing of other modalities, such as skeleton, depth, and
thermal, with image/video.

Consider the modality pair (I,M) with aligned observa-
tions. For an image Ii and its corresponding observation in
the other modality Mi, we encode them into normalized
embeddings: qi = F (Ii) and ki = G (Mi), where F and
G are deep networks. The embeddings and encoders are
optimized using an InfoNCE loss [70]:

Lcon = − log
e

(
q>
i ki/τ

)
e
(
q>
i ki/τ

)
+
∑

j 6=i e
(
q>
i kj/τ

) (5)

Here, τ is a scalar temperature controlling the smoothness of
the softmax distribution, and j denotes unrelated observations
or "negatives." Following [71], every example j 6= i in the
mini-batch is considered a negative. The loss aims to bring
the embeddings qi and ki closer in the joint embedding
space, aligning I and M. In practice, we use a symmetric
loss LI,M + LM,I .
Alignment of Unseen Modality Pairs. In Action-SGFA, the
alignment process involves modalities paired with images,
denoted as (I,M). This alignment specifically targets each
modality’s embeddings, aligning them with those obtained
from images. Notably, an emergent behavior is observed in
the embedding space, facilitating alignment between pairs
of modalities, denoted as (M1,M2), despite the training
being conducted solely on pairs (I,M1) and (I,M2). This
unique characteristic empowers Action-SGFA to perform
diverse zero-shot action recognition tasks without the need
for specific training. Remarkably, we achieve state-of-the-art
results in zero-shot text-skeleton action recognition, even in
the absence of any paired (skeleton, text) samples during
training.

IV. EXPERIMENTS

A. Datasets

For the SGs understanding training, we utilize SG data from
Visual Genome (VG) [24] and Action Genome (AG) [25] as
image-SGs pairs, supplemented with a small subset of the
LAION [28]: (1) LAION represents a large-scale image-text
pair dataset that was automatically curated from the Internet
and has been filtered to pre-train the CLIP model. (2) VG
is annotated with 108, 077 images and SGs. On average,
images have 12 entities and seven relations per image. (3)
AG provides frame-level SG labels for the components of
each action, which provide annotations for 234, 253 frames
with a total of 476, 229 bounding boxes of 35 object classes
and 1, 715, 568 instances of 25 relationship classes.

For multimodal feature alignment and the evaluation of
zero-shot action recognition, we utilize the following datasets:
(1) Kinetics-400 [42]: This dataset, curated by DeepMind,
comprises approximately 300,000 video clips sourced from
YouTube, encompassing a wide array of 400 human action
classes. To align with the skeleton modality, we adapt the
Kinetics-Skeleton-400 dataset, derived from the Kinetics-400
video dataset through the application of the OpenPose [72]
pose estimation toolbox. The Kinetics-Skeleton-400 dataset
comprises 240,436 training and 19,796 testing skeleton
sequences across 400 classes. (2) NTU RGB+D 60 [43]:
This action recognition dataset contains 56,578 RGB videos,
skeleton sequences, depth and thermal video. Over 60 action
classes are captured from 40 distinct subjects and three
different camera view angles. Each skeleton graph has N =
25 body joints as nodes for the skeleton modality, with their
3D locations in space as initial features. (3) NTU RGB+D
120 [44]: An extension of NTU RGB+D 60, this dataset
includes an additional 57,367 skeleton sequences spanning
60 supplementary action classes. In total, NTU RGB+D 120
comprises 113,945 samples distributed across 120 classes.
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The data is collected from 106 subjects and recorded using
32 unique camera setups.

B. Results

We assess the performance of Action-SGFA in the context
of open-vocabulary zero-shot action recognition tasks, em-
ploying text prompt templates as outlined in [26]. Specifically,
we evaluate Action-SGFA on the RGB video modality using
the Kinetics-400 dataset, while for the human skeleton, depth,
and thermal modalities, we conduct evaluations on both NTU
RGB+D 60 and NTU RGB+D 120 datasets. Across all three
datasets, Action-SGFA demonstrates notable improvements
across all modalities. Detailed results are presented in Table I.

Each modality is a testbed for evaluating Action-SGFA’s
capability to establish associations between text embeddings
and the image modality, even without joint training exposure.
Given the novelty of our problem setting, it is essential to note
that no conventional "fair" baselines are available for direct
comparison with Action-SGFA. However, our evaluation
compares prior work that incorporates text paired with
specific modalities, such as skeleton-based approaches [80],
[81]. Additionally, we employ the CLIP model directly for
certain ‘‘visual-like’’ modalities such as depth and thermal.
Moreover, we provide results for each benchmark’s best-
reported supervised upper bound. In the context of the NTU-
60 and NTU-120 zero-shot learning (ZSL) settings with
splits of 48/12 and 96/24, respectively, SynSE [79] achieves
accuracy levels of 33.3% and 38.7%. SynSE represents the
state-of-the-art among classic ZSL methods, as indicated
in Table I. Notably, Action-SGFA outperforms SynSE by
a significant margin, achieving accuracy gains of 27.0%
and 19.7% on NTU-60 and NTU-120, respectively. We also
report the standard RGB video (Kinetics-400 [42]) zero-shot
recognition tasks for completeness. Action-SGFA achieved
74.1% performance, surpassing the SOTA method VideoCoCa
by 2.1%.

Skeleton-DGCFA performs outstanding open-vocabulary
zero-shot action recognition, registering significant improve-
ments across all benchmark datasets. These findings un-
derscore the effectiveness of Action-SGFA in aligning
various action modalities by leveraging the integration of
SG. This alignment process implicitly extends the text-
based supervision associated with images to other modalities.
Notably, Action-SGFA shows strong alignment for non-visual
modalities such as the skeleton, highlighting the substantial
value of their inherent pairing with images as a potent source
of supervision.

C. Ablation Study

Utilizing the CLIP model, we conducted an ablation study
on the NTU RGB+D 120 dataset using our Action-SGFA
approach (Refer to Table II).
SG knowledge. To assess the optimal utilization of SG
knowledge, Table IIa illustrates how the visual and textual
components contribute to the approach. When incorporating
solely the textual descriptions generated from the SGs (CLIP +
Graph Text (GT) in the table), we observe an improvement in

action recognition scores over the CLIP baseline, specifically,
an increase of 2.7%. Including the graph-based negatives (GN)
prompt results in an even more substantial enhancement, with
a 4.5% improvement compared to the baseline, demonstrating
the effectiveness of the generated negatives. Furthermore,
introducing the SG MAE-decoder leads to a remarkable
improvement of 5.7% in skeleton scores, while the text score
remains comparable. This emphasizes the mutual benefits
of both visual and textual components when leveraging SG
labels for learning.
Visual encoder components. In this ablation, we justify our
design choices within the visual encoder while employing
consistently generated captions and negatives across all
variants. We report performance in Table IIb on the skeleton
(NTU RGB+D 120) modality. To assess the contribution
of the visual encoder, we introduce an alternative variant,
CLIP + Decoder, which excludes masked image tokens and
predicts the same-scale image using a visual decoder. Notably,
CLIP + Decoder + Masking outperforms CLIP + Decoder,
demonstrating the advantages of incorporating masked image
tokens. Finally, our "SG MAE" variant, which exclusively
applies random masking to the action component in the input
images/videos, outperforms all other models, demonstrating
that our proposed adaptation technique tailored to the visual
tokens allows better learning of the action recognition task.
Scaling the image encoder. The core idea in Action-
SGFA is aligning the embeddings of all modalities to image
embeddings, leveraging the comprehension of action SGs.
Consequently, image embeddings play a pivotal role in
aligning unseen modalities, and we study their effect on zero-
shot performance. We vary the size of the image encoder
and train an encoder for the skeleton modalities to match the
image representation. To isolate the influence of the image
representation, we fix the size of the skeleton encoders. In
this experiment, we employ pre-trained CLIP (ViT-B/32, ViT-
B/16, and ViT-L/16) and OpenCLIP (ViT-H/16) image and
text encoders. Our results in Table IIc show that Action-
SGFA’s zero-shot action recognition performance on all
modalities improves with better visual features. For skeleton
action recognition, the stronger ViT-H/16 vs the ViT-B/32
image encoder provides a gain of 9.2%. Thus, more substantial
visual features can improve recognition performance even on
non-visual modalities.

D. Analysis of Various Attributes

We conduct experiments on training design choices to
evaluate the influences of text prompt, action encoder, and
contrastive loss temperature selection. These results are
presented in Table III. We focus on the human skeleton
action modality, which is non-visual and has a temporal
component. We found that studying this modality led to
robust and transferable design decisions
Influence of text prompts. The text prompt design has an
enormous impact on the model performance. We show the
influences of different text prompts in Table IIIa. By directly
using label name (with prefix or suffix) as the text prompt in
Skeleton-DGCFA for the baseline, the modest improvements
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Kinetics-400 NTU RGB+D 60 NTU RGB+D 120

Model RGB video skeleton depth thermal skeleton depth thermal

Random Chance 0.25 1.6 1.6 1.6 0.8 0.8 0.8

Absolute SOTA 90.6 89.8 - - 85.1 - -

CLIP [73] 62.3 - - - - - -
X-CLIP [74] 65.2 - - - - - -
Text4Vis [75] 68.9 - - - - - -
VideoCoCa [76] 72.0 - - - - - -
ReViSE [77] - 17.4 - - 32.3 - -
JPoSE [78] - 28.7 - - 32.4 - -
SynSE [79] - 33.3 - - 38.7 - -

Action-FA (ours) 70.6 55.8 56.2 56.9 54.7 58.1 60.6
Action-SGFA (ours) 74.1 60.3 65.5 66.4 58.4 63.3 64.1

TABLE I: Open-vocabulary zero-shot action recognition results.
(a) Scene graph knowledge

Model Acc.(%)

CLIP 51.7
CLIP + GT 54.4(↑ 2.7)
CLIP + GT + GN 56.2(↑ 4.5)
CLIP + GT + GN + SG MAE 58.4(↑ 5.7)

(b) Visual encoder components
Model Acc.(%)

CLIP 53.7
CLIP + Decoder 54.3(↑ 0.6)
CLIP + Decoder + Masking 55.2(↑ 1.5)
CLIP + Decoder + SG MAE 58.4(↑ 4.7)

(c) Scaling the image encoder
Model Acc.(%)

ViT-B/32 49.2
ViT-B/16 50.5(↑ 1.3)
ViT-L/16 53.8(↑ 4.6)
ViT-H/16 58.4(↑ 9.2)

TABLE II: Ablation study of the NTU RGB+D 120 dataset.
(a) Text prompt type

Prompt type Acc(%)

Label name 56.3
Synonym 56.9(↑ 0.6)
Body parts 57.6(↑ 1.3)
Paragraph 58.1(↑ 1.9)
SG Text 58.4(↑ 2.1)

(b) Different skeleton encoders

Backbone Acc(%)
w./o. SGs w. SGs

ST-GCN 52.2 54.6(↑ 2.4)
MS-G3D 53.9 57.8(↑ 3.9)
MST-GCN 53.7 58.1(↑ 4.4)
CTR-GCN 54.3 58.4(↑ 5.1)

(c) Temperature for loss
λ Acc(%)

1.0 58.1
0.8 58.4
0.7 58.3
0.5 58.1
0.2 57.8

TABLE III: Analysis of different components of Action-SGFA, including text prompt, skeleton encoder and λ selection.

(0.6%) over the baseline are observed by incorporating a
synonym list for label names. Utilizing prompts based on
descriptions of body parts further makes enhancement of
performance 1.3%, enriching the semantic context associated
with each action class. The best performance is yielded by
combining SG text descriptions for prompts, resulting in an
accuracy of 58.4%.
Different modality encoders. The proposed Action-SGFA
offers a network architecture-agnostic solution that can
enhance encoders of various modalities. Taking skeleton
modality as an example, we show experimental results of
applying Action-SGFA to ST-GCN, MS-G3D, MST-GCN,
and CTR-GCN in Table IIIb. Action-SGFA brings consistent
improvements of (2.4-5.1%) over original feature alignment
without sense graph understanding learning at inference,
demonstrating the effectiveness and generalization ability
of Action-SGFA for downstream tasks.
Contrastive loss temperature. We investigate the influence
of the temperature parameter, denoted as τ (as described
in Eq. 5), and present our findings in Table IIIc. Our
experimentation uses a learnable temperature initialized to
0.08 (parametrized in the log-scale), a technique inspired
by [26]. This is contrasted with the application of various
fixed temperature values. Interestingly, our results diverge
from those presented in [26]. We find that a fixed temperature
yields superior performance for skeleton action recognition.

Furthermore, our observation reveals that higher temperature
settings prove more effective in training the skeleton encoders,
whereas a lower temperature is better for training the depth
and thermal encoders.

V. CONCLUSION

This study investigates the problem of open-vocabulary
zero-shot action recognition. We propose Action-SGFA, a
novel action feature alignment approach that learns unified
joint embeddings across four action modalities incorporating
SG comprehension. Experimental results demonstrate that
the enhancement of pre-trained VL models is attributed to
incorporating the comprehension of action SGS and adopting
a new training paradigm as well, enhancing their zero-shot
capabilities of new modalities due to their natural pairing with
images. We also establish a new state-of-the-art in zero-shot
action recognition tasks across modalities, outperforming the
vanilla skeleton zero-shot method by 27.0%, 19.7%, and 2.1%
on NTU-60, NTU-120, and Kinetics-400, respectively.
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