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Abstract—Action prediction from frames and videos is a
well-studied problem. Models trained with a single modality,
mostly vision, will fail in low-light conditions. Recent works
have attempted to predict action categories using vision-language
and audio-visual models. A challenge, however, is that some
dataset annotations lack temporal ground truth and include only
the vision modality. Relying on transformers and an intelligent
Vision Language Model (VLM) is a viable solution, but deploying
them on edge devices could lead to reduced performance and
hallucinations. This work presents an Audio-Visual-Text (AVT)-
based multi-step Pipeline for Action Prediction and Captioning
(AVT-PAC) to address this problem. First, for an input video,
we identify the area to focus on using the Region-of-Interest
(ROI) Extraction module. CLIP and CLAP encoders are used
for ROI prediction. However, the ROI extracted region may vary
in duration, resulting in a large number of frames to be processed.
To avoid learning from redundant frames, we uniformly sample
key frames within the ROI extracted region using a keyframe
extraction module. These keyframes are then used to train an
Audio-Visual Action and Text-Aware Representation (AVATAR)
model to predict actions and captions. Through systematic
experiments, we demonstrated that the proposed AVATAR-TCN
model beats the present state-of-the-art (SOTA) baselines on the
AVE dataset. Code is available in https://github.com/Ifovia/AVT-
PAC

Index Terms—Multimodal, Audiovisual, Action Prediction,
Keyframe extraction, Temporal Localization.

I. INTRODUCTION

Building an intelligent pipeline is essential to solving ac-
tion prediction problems at scale, especially for autonomous
vehicles or surveillance agents, as it is crucial for determining
their next actions. Also, the solution built to cater to the needs
of such agents should not only perform in real time but also
maintain performance on edge computing. In this paper, we
tackle one of these issues in the context of multimodal action
detection and captioning. The action recognition model aims to
address the multiclass classification problem, where the labels
correspond to video or action categories. Although this can be
solved with a single modality, factors such as occlusion can
significantly affect the model’s predictions. For a vision-based
model, factors such as lighting conditions, adverse weather,
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Fig. 1. The comparison of the metrics used on a given video. The plot
becomes very noisy when the score is computed between neighboring frames.

and camera movement can significantly impact performance.
In such circumstances, we propose relying on audio, a second
modality. Further, in certain surveillance scenarios, when an
agent or a remote user needs to better understand the scene,
captions are helpful. To cater to this need, we also extend a
head to predict captions.

In most applications, ROI extraction is guided by an ab-
normal change in the given scene particularly in detecting the
type of actions, and this is solved in [1] using methods that
rely on vision metrics like Mean Squared Error (MSE), Mean
Average Error (MAE), Structural Similarity Index (SSIM),
Contrastive Language-Image Pre-training (CLIP) [2] score, or
a dedicated deep learning model [3]. But when computed at
the frame level, we can observe that the plots are too noisy, as
shown in Fig. 1. Moreover, relying on metrics from a single
modality may not be helpful in all scenarios. Inspired by
[4], we introduce an audio-based Contrastive Language-Audio
Pretraining (CLAP) model [5] to aid the vision counterpart,
CLIP, in decision-making.

In our proposed AVT-PAC, we employ a three-in-one
pipeline for action recognition and captioning using ROI
extraction, keyframe selection, and the AVATAR module to
make predictions from a given video sample. The following
are the key contributions carried out in this work:

o A multimodal ROI extraction module using CLIP [2] and
CLAP [5] models for a given type of activity.

o AVATAR, an audio-visual-text-based multimodal action
prediction and captioning model.

e AVT-PAC, an overall three-in-one pipeline for action
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Fig. 2. The proposed three-in-one AVT-PAC framework. It consists of three stages: ROI extraction, key frame extraction, and the AVATAR module.

recognition and captioning, leveraging the capability of
ROI extraction and keyframe extraction.

« Validation of the proposed pipeline’s real-time feasibility
and generalization capability across varied environments.

II. RELATED WORKS

Action prediction is a widely researched area that began
with vision-based single-modality solutions [6]-[8] and has
mostly relied on the spatial and temporal dimensions of visual
input. When faced with adversaries or experience occulsions,
these solutions struggled to provide reliable predictions. This
propelled the works to branch out into audio-visual [9]-[12],
multimodal solutions. These works used audio information to
maintain action continuity when the subject performing the
action moved out of frame, experienced occlusion, or had
difficulty visually identifying the subject under unfavorable
conditions. Although this improved the reliability of the re-
sults, action-label-based action prediction cannot provide a
context-based description of the contents of long-form videos
or videos with multiple actions that may or may not fall under
predefined labels. This is where the text modality provides
support through contextual clues and text-based instructions.
In the past few years, the exponential growth of Large Lan-
guage Models (LLMs) has led to the development of Vision-
Language Models (VLMs) [13]-[15] that generate short/long
free-form text captions for videos/images based on user re-
quirements. This further led to Multimodal Large Language
Models (MLLMs) [16]-[18] that tend to support more varied
input/output combinations with enhanced logical reasoning
and understanding of complex dynamic environments.
Although these works provide improved and robust solutions,
they tend to be on the heavier side when it comes to memory
and computational requirements, which makes it difficult to
provide a relatively lightweight solution that leverages all three
modalities: vision, audio, and text, and is sustainable on low-

compute devices. Our proposed work attempts to address these
constraints and provide a viable lightweight solution.

III. PROPOSED APPROACH

Given a short or long-range video from a dataset with only
class-level labels, we propose a model that not only local-
izes the action region via ROI extraction, but also processes
the keyframes from the detected region, predicts the action
category with a single head, and generates a caption with the
other head. The overall architecture of the proposed AVT-PAC
pipeline is shown in Fig. 2.

A. ROI extraction module

In the first stage, we propose an ROI extraction approach
that predicts the region corresponding to the action in the video
using the CLIP [2] encoder f, and the CLAP [5] encoder f,.
For a dataset D = {V;,Y;}, V; is the video sample, ground
truth action Y;, for the i*" sample where |D| = N. The
frames are selected every 0.5 seconds as I; in V;, and we take
an audio sample H; of length 0.5 seconds. We use competing
positive and negative text prompts for each modality and find
their cosine similarity (cs). For video, the CLIP [2] confidence
score at frame j is:

s = S(es(ky, fulp?)) = Sles(ky, fulpT))e (D

where pTt is the positive prompt that describes the action
being present, and p~ is the negative prompt that describes
an empty background with no activity, and k; = f,(I;).
S is softmax operator. Similarly, for audio, the CLAP [5]
confidence score is:

s9% = S(es(ly, falgh))) = Sles(ly, falgT))), @)

where ¢ is the positive prompt and ¢~ is the negative prompt
as a silence and 1; = f,(H;). At each timestamp, the modality
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A binary prediction y; = 1[s; > 0] is computed per frame,
denoting whether activity is detected as present in frame j.
This is then smoothened using a Gaussian filter and a majority
vote window, and merged into contiguous segments, c¢;. The
timestamp of maximum confidence t* is located, and the
boundaries of the ROI extracted region [T, 73] are found by
traversing left and right until confidence drops below Ty =

0.05.
t* = argmaxc;
J

Ty =min{j <t* | ¢; > Tmin}, S
Ty = max{j > t* | ¢; > Tmin}
B. Keyframe extraction module

If the ROI extracted region [T7, T»] is predicted for 3s, then
for a 30 fps video, that results in 90 frames to be processed. In
order to remove or neglect any duplicate or redundant frames,
we bin the ROI extracted region into K regions and select the
center frame as the keyframe. This now represents the ROI
extracted region as (vidy. i,audy. ), where vidy x is K
video keyframes, aud;. x is K audio slices centered around
the video keyframe timestamp. We have empirically chosen KC
value as 16.

C. AVATAR Module

Now from the prior keyframe extraction, we curate a dataset
with N samples as Do = {vid] je,aud| ¢, Yhers Yeap)s
where 4 varies from 1 to N, y, is ground truth action Y;,
and ymp is the ground truth caption obtained from CLAP
[5] model for the i™ sample, which will be used to train an
AVATAR model to predict actions and caption embedding.

The video keyframes vid;  x are passed through the vision
encoder f,. Audio chunks aud; i are also passed through
the audio encoder f,. The encoded data is then concatenated
and passed to the temporal modeling block. Further, the
learned representations are passed through two MLP heads
to predict the corresponding action and caption. In case of
the caption, given a list of classes, CLIP [2] embeds the
labels to compute similarity using the softmax of the predicted
action logits. This similarity helps identify the predicted class,
which is then concatenated with the learned temporal audio-
visual embedding and passed to the caption head to predict
the caption.

Fyp = MLP(Pool(Temporal([f,(vi.x); fa(a1.x)]))) ()

To ensure learning, we use three loss components, namely the
Action Loss, the Contrastive Loss, and the Caption Loss. L,
is the cross-entropy loss between the predicted and ground
truth action.

N C
act - Z Z act IOg :gfz(i‘ (6)
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where yact are the one-hot pseudo-labels, and 3, are the
predicted class probabilities for the i-th sample belonging to
class c. Using a temperature coefficient 7, the L.,,; measures
the contrastive loss between audio and video features.

l ki /T

ZNZ log Z elTk7/T

Similarly, L, is the loss between the predicted g, and
ground truth text embedding y; for probable classes using
CLIP as shown in Equation 8.

Etewt =1- CS(y}, yf) (8)

Total loss sums up as,

kl/T

- (D
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where w; ,we, ws are the scalar weights given to each loss
term, selected empirically as 1, 0.5, and 0.3, respectively.
Finally, the model parameters are learned according to

07 :argmeinﬁE. (10)

Through this formulation, we get the predicted class and the
text embedding. Given a set of P valid captions where P <
N, by computing the cosine similarity of the predicted text
embedding to captions in P, we can retrieve the closest text
caption. But to predict the text itself, we need a decoder in
the caption head. We have tried using a GRU-based decoder
with GPT-2.0 tokenizer to learn the caption through L.,

€Xp Z“%y»k)
Lea E g log | ———"—"— (11)
p —
Nz 1 k=1 (Zt 1eXP(szt)>

where z; ;. ; denotes the predicted logit for the ¢-th vocabulary
token at time step k, and V is the vocabulary size. The total
loss is given by

ACD = ACcap + >\£act- (12)

Where A = 0.5 is an empirically chosen regularization
coefficient to emphasize decoder-based caption learning, with
action prediction initialized from the no-decoder model. The
model parameters are optimized according to,

05 zargmein/;p. (13)

IV. RESULTS AND DISCUSSION
In our proposed pipeline strategy, different versions of
AVATAR modules are compared with the baseline and SOTA
approaches based on their respective computational complex-
ities.
A. Implementation Details

We have done all our training on the AVE dataset. As the
AVE dataset lacks ground truth text captions, we have relied
on the msclap [5] model to curate the same. The models
were trained for 15 epochs with a batch size of 16 on a
NVIDIA RTX 3090 workstation with 24 GB of GPU. The
AVE dataset is split into an 80:20 training-validation ratio,
with 3,277 training samples and 820 validation samples.



TABLE I
QUANTITATIVE COMPARISON OF ACTION PREDICTION. THESE MODELS WERE TRAINED ON THE AVE DATASET [19]. THE BOLD ONE DENOTES THE
BEST PERFORMING MODEL.* THE CORRESPONDING MODEL SIZE WAS NOT MENTIONED IN [20]

Models Dataset Modality Model Size  Accuracy Caption Head Cosine Similarity CIDEr ROUGE-L

Audio guided Visual attention [19] AVE AV 1.33M 0.740 - - - -
DMRN [19] AVE AV 1.57M 0.732 - -
AGSP-DSA [20] AVE AVT * 0.934 - -

7 7 7 T AVATAR-TCN T AVE v o 342M 0 08829 7Eﬁb€dﬁ|ﬁg 77777 09281 - -7~
AVATAR-TCN AVE A 4.47M 0.8171 Embedding 0.9306 -
AVATAR-TCN Decision level ensemble AVE AV 7.89M 0.8720 Embedding 0.9303 -

" 7 7 T AVATAR-GRU AVE  ~  AVT 342M 09060 ~  Embedding 09333 - T o7
AVATAR-Transformer AVE AVT 8.42M 0.9146 Embedding 0.9298 -
AVATAR-TCN AVE AVT 4.47M 0.9463 Embedding 0.9310 -
AVATAR-Mamba AVE AVT 3.81M 0.9378 Embedding 0.9336 -

T AVATAR-TCN-Mamba AVE ~ ~ AVT+Decoder ~ 31.6OM ~ ~ 09317 = Mamba Decoder - 17577837 T 05224

AVATAR-TCN-GRU AVE AVT+Decoder 57.56M 0.9439 GRU Decoder 1.8859 0.5948
T AVATAR-TCN-GRU ~ HMDBS51 ~ AVT+Decoder ~ 57.56M 07455 =~ GRU Decoder - 0.0498 ~ ~ 0.2246
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Fig. 3. The qualitative results of the three-in-one AVT-PAC Framework. The ROI extraction (left), Key frame extraction (centre), and the proposed AVATAR

module (right) for a given video sample.

B. Dataset quality analysis

To ensure the quality of CLAP-generated labels [5] for
training, we have curated captions for the validation fold of
AVE using a human annotator. We have computed the inter-
dataset agreement for the validation fold using the CiDEr [21]
and ROUGE [22] scores. Despite having only 1 groundtruth
variant, the CiDEr score of 0.3469 and ROUGE score of
0.3012 are reasonably good, indicating a weak but acceptable
overlap between the generated caption and the groundtruth.

C. Results Analysis

Quantitative results for the experiments done for the
AVATAR module are tabulated in Table I. For the action
recognition part, it can be observed that the sequential models
significantly outperform the previous Audio guided vision
attention models and the DMRN [19] in terms of accuracy.
With AVT modalities leveraging a graph-based model, [20]
is the current SOTA on the AVE dataset. It is interesting
to note that the TCN-based AVATAR model outperforms the
other variants, which is approximately 50% lighter than the
Transformer encoder-based variant. In captioning, although the
Mamba model [23] performs better, the delta of improvement
is small. For decoder-based variants of AVATAR-TCN, we find

that the GRU variant outperforms the Mamba variant.
Further, to test the generalization capability, we use the
HMDBS51 dataset [24] without audio. With the frozen decoder
layer, our model consistently performs well on the HMDBS51
dataset. Similarly, to test the model’s capability to generalize
and work in the absence of the audio modality, we have tried
zero-shot inferencing on a few samples from the MUSIC21
[25], UCF Crime dataset [26], and HMDBS51 dataset, as shown
in Fig. 5.

To understand the model behaviour, we visualize t-SNE
plots as shown in Fig. 4. In AVATAR modules with TCN and
Mamba-based models, the clusters are more closely packed.
The mamba-based clusters are relatively spread out, which
could result in false predictions. The qualitative analysis on
a given video sample is shown in Fig. 3. In the case of the
ROI extraction (left), the variation of CLIP [2], CLAP [5], and
the fused score can be analysed. Similarly, for the extracted
keyframe (middle), the selected 16 keyframes from the 160
frames are shown here. Lastly, results from the AVATAR mod-
ule (right), shows the predicted action, and caption. To achieve
real-time performance testing, we compared the inference time
of the AVATAR-TCN-GRU model for a video sample on
constrained computes. Inference times of 0.33s and 1.43s were
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Fig. 4. The corresponding t-SNE plots of the trained models. It is observed
that the TCN model has better, compact, and well-separated clusters.
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Fig. 5. Zero-shot performance of models trained on the AVE dataset on a
sample taken from the MUSIC21, HMDB51, and UCF-Crime datasets.

achieved on a NVIDIA RTX 3090 24GB workstation and a
NVIDIA TITAN Xp 12GB GPU workstation, respectively.

V. CONCLUSION

In this paper, we introduce AVT-PAC, an end-to-end three-
in-one pipeline that handles ROI extraction, keyframe extrac-
tion, and the proposed multimodal audio-visual-text frame-
work, AVATAR. AVATAR takes inputs from keyframe ex-
traction, predicts the action category, and generates captions
for the given sequence of frames. It was observed that the
TCN-based and the Mamba-based AVATAR performed consis-
tently better, providing a good balance between performance
and computation. Additionally, the TCN model with a GRU
decoder consistently performed better across all evaluations.
Furthermore, there is a good improvement as compared to the
SOTA [20] as well as the baselines [19] on the AVE dataset.
The future directions for this work could include generating
more robust multimodal ground-truth captions, optimizing the
model, and learning more effective attention-based represen-
tations.
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