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Abstract. Describing a scene in language is a challenging multi-modal task as it requires understanding
various and complex scenes, and then transforming them into sentences. Among these scenes, the task of
video captioning (VC) has attracted much attention from researchers. For machines, traditional VC follows the
“‘imaging-compression-decoding-and-then-captioning” pipeline, where compression is a pivot for storage and
transmission. However, in such a pipeline, some potential shortcomings are inevitable, i.e., information
redundancy resulting in low efficiency and information loss during the sampling process for captioning. To
address these problems, in this paper, we propose a novel VC pipeline to generate captions directly from the
compressed measurement, captured by a snapshot compressive sensing camera, and we dub our model
SnapCap. To be more specific, benefiting from signal simulation, we have access to abundant measurement-
video-annotation data pairs for our model. Besides, to better extract language-related visual representations
from the compressed measurement, we propose to distill knowledge from videos via a pretrained model,
contrastive language-image pretraining (CLIP), with plentiful language-vision associations to guide the
learning of our SnapCap. To demonstrate the effectiveness of SnapCap, we conduct experiments on
three widely used VC datasets. Both the qualitative and quantitative results verify the superiority of our
pipeline over conventional VC pipelines.
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transmission. Hence, recovering the original video frames is
often necessary before generating captions'®.

Although most VC methods”* assume that they have already
obtained the well-decompressed video, they do not consider the
potential drawbacks of the captioning step in the whole video
processing pipeline. (i) Information redundancy: With the in-

1. Introduction

Scene captioning is an attractive visual-language task, involving
understanding visual content such as images or videos, and
generating textual descriptions. While describing what they
see is a natural task for most people, it is not trivial for machines

to do the same!"!, especially in video captioning (VC). For ma-
chines, a straightforward pipeline is “imaging-compression-
reconstruction-and-then-captioning,” as shown in Fig. 1(a).
Specifically, a high-definition (HD) video camera captures vid-
eos with high resolution in both spatial and temporal domains,
which are further compressed for efficient storage and

*Address all correspondence to Hao Zhang, haozhang01 @xidian.edu.cn; Bo Chen,
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creasing spatial and temporal resolutions, the captured raw vid-
eos and the reconstructed ones exhibit severe information
redundancy, resulting in a heavy burden on storage and calcu-
lation®™", as compared in Fig. 2. (ii) Information loss: To reduce
the redundancy in the raw video, (near-)lossless software com-
pression approaches are preferred. However, to handle temporal
redundancy in the recovered video, existing VC approaches® "’
often sample the video frames or video feature maps to reduce
computational costs, which in turn may ignore some key
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Fig. 1 Comparing our efficient captioning pipeline in (c) with the traditional (multi-stage) pipeline in
(a) and a potential two-stage solution in (b), indicated by red, blue, and yellow, respectively.
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Fig.2 Comparisons on GPU memory, inference time, and CIDEr
score of typical VC methods, where red, blue, and yellow indicate
our method, traditional multi-stage VC methods, and two-stage
methods, respectively. The size of the circle is proportional to
the CIDEr score (1) marked in brackets.

information, especially in fast-moving videos. (iii) Less effi-
cient: As we can see, starting from the captured raw video, there
is a long way to go to achieve the output caption, with the help
of accumulated efforts from every step. However, the redundant
information is “reduced-recovered-and-further-reduced” in the
“compression-reconstruction-and-sampling” loop, which pro-
duces a waste of computational resources during the whole
pipeline.

To realize efficient VC and alleviate computational and
storage burden, this paper tries to explore a novel pipeline, de-
scribing the scene directly from the data captured by an
optical camera, i.e., without software-based compression or
reconstruction to captioning. Therefore, there are mainly two
questions: (i) how to efficiently obtain compressive sensed vis-
ual data of the live scene and (ii) how to build an end-to-end
captioning model directly from the compressive sensed data.

To address the aforementioned challenges, we propose to in-
corporate a typical computational imaging technology, namely
video snapshot compressive sensing (CS)""'?, which physically
obtains the compressed measurement during the imaging pro-
cess. Concretely, let us consider a representative system, coded
aperture compressive temporal imaging (CACTI)", as shown
in Fig. 3. The optical instrument modulates the live scene
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Fig. 3 An illustration of a typical video snapshot CS system,
CACTI!™,

via a set of dynamic masks, e.g., produced by a spatial light
modulator (SLM)" or a digital micromirror device (DMD)™?,
and then these frames are compressed into a two-dimensional
(2D) snapshot measurement by a single exposure of the camera.
For a video clip in 30 fps (frame per second) and 640 x 480
resolution, a CACTI system exhibits a bandwidth requirement
of approximately 3.69 Mbps with a compression ratio of 20. In
contrast, a traditional camera, as shown in Fig. 1(a), has a band-
width requirement of about 73.73 Mbps, significantly higher
than the CACTI system. Besides, only after the storage of
HD videos is completed will content-based compression tech-
niques such as H.264, H.265, and versatile video coding (VVC)
perform video encoding processes. Furthermore, the design of
the SLM and the mechanical translations in CACTIs decrease
the demand for operating power!"?. Thus, video snapshot CS
enjoys the advantages of low power for imaging sensors, low
memory for storage, low bandwidth for transmission, etc''".,

Then, given the coded measurements, different software
decoder methods””'*'>!%! can be employed to recover the
video realistically. Therefore, applying the two-stage strategy
“reconstruction-and-then-captioning” (as the yellow pipeline
shown in Fig. 1) is a potential solution for coded measurements,
but it still suffers from the low-efficiency problem (as the yellow
circles shown in Fig. 2), which is similar to traditional multi-
stage VC methods.

To overcome this drawback and achieve an efficient VC, we
propose an end-to-end approach directly based on the measure-
ment captured by video snapshot CS. This pipeline is techni-
cally feasible, as it is accessible to building supervised data.
Given the masks of the real optical system, we can pretty accu-
rately simulate the acquisition of the measurement (further
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introduced in Sec. 2), to build a large-scale training dataset com-
posed of paired measurements, videos, and captions.

The final challenge now is to construct and train an end-to-
end network in a supervised manner.

Nevertheless, it is not an easy road, as noted by previous
works!""'"® and our attempts discussed in Sec. 4 (Table 2).
This may be ascribed to the fact that, compared with high-
quality videos, the captured measurement is heavily blurred
with less visual semantics and moving details, which greatly
increases the difficulty of learning effective visual-language rep-
resentations for caption generation. To break through these bar-
riers, in this paper, we propose to build a teacher model whose
knowledge is distilled to guide the learning of our end-to-end
VC network. Specifically, as shown in Fig. 4, the teacher model
focuses on extracting language-related visual features from the
ground truth video with the help of a pretrained large vision-
language model (VLM) and contrastive language-image pre-
training (CLIP)™. Therefore, the teacher model not only con-
veys spatial and temporal details from the ground truth video
but also provides abundant prior knowledge from CLIP. With
knowledge distillation (KD), the student model is able to reveal
a linguistic-related latent representation, which is injected into a
transformer-based decoder to generate the caption.

In a nutshell, the main contributions of this paper can be sum-
marized as follows:

* We propose a novel VC pipeline to realize efficient caption
generation, directly from the data captured by video snapshot
CS, without compression or reconstruction in the software
processing phase. This work is also the first attempt at a
reconstruction-free VC method based on the video snapshot
CS technology.

* We employ CLIP to construct a teacher model and utilize
KD to guide the student model to learn language-related visual
features, which is further input into a transformer decoder for
caption generation. The whole model is trained in an end-to-
end manner.

Teacher model

* Comprehensive experimental results on VC benchmarks
demonstrate the efficiency and the effectiveness of our proposed
SnapCap, which achieves competitive VC scores compared to
traditional multi-sage video-based captioning methods and runs
at least 3x faster compared to two-stage approaches with much
better caption results.

2. Preliminary and Related Works

2.1. Video Snapshot Compressive Sensing

Let us take a typical video CS system, CACTI"?, as an example.
As shown in Fig. 3, we assume that the live scene with B high-
speed frames {X; € R*"}B_ is modulated by B coding masks
{C, e RWYE_

Within one exposure time, the light to the sensor is inte-
grated, thus compressing these coded frames and producing a
2D measurement Y via summation, formally as

Y= X,0C +N, (1)

B
k=1
where © and N denote the Hadamard (element-wise) product
and the noise of the system, respectively. For color video CS
systems, the Bayer filter undergoes spectral sampling before
it reaches the sensor. Consequently, considering the linear
nature of this process, X; can be regarded as a mosaic frame.

Therefore, given the coding masks of the real system, one can
easily simulate the measurement Y using synthetic data, saving
a significant amount of effort required to capture a large number
of real data. Actually, training on simulation and testing on a real
data framework is widely used in methods developed for recov-
ering the original high-speed frames from coded measurement
1319211 More introduction to these methods can be found in
Ref. [11].

Recently, there has been a novel trend toward coupling video
snapshot CS with high-level visual understanding tasks, without
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Fig. 4 Learning and inference workflows of our proposed SnapCap. The cooperation of (a)-(c) is
for training, and only (b) is needed for an end-to-end captioning during testing.
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recovering the original video. Hu et al.” realized video object
detection based on coded measurement directly using a deep
convolutional neural network (CNN). For action recognition,
Okawara et al."® constructed an end-to-end 3D-CNN model
with coded measurement as input. Both these methods show less
complexity and more efficient inferences. However, their detec-
tion/recognition accuracy still falls behind the methods using
high-quality video. Compared with object detection and action
recognition, VC is a more challenging task. Because, besides
understanding the visual contents, such as objects or actions,
the VC model should also learn visual-language relations for
cross-modality generation. Though challenging, we have
achieved comparable performances with most of the existing
HD-video-based VC methods.

2.2. Video Captioning

In recent years, VC has attracted much attention from research-
ers to understand and describe videos, which can be roughly
classified into two groups: traditional methods and vision-lan-
guage pretraining-inspired captioning methods. In the first
group, most of the works™'***" usually employ a 2D backbone,
e.g., ResNet-101"! IncepResNetV2*! to extract vision infor-
mation, and a 3D network such as C3D"” to extract motion fea-
tures. Furthermore, the memory-based augmentation network
(MAN)* introduces the memory mechanism on both the vision
encoder and language decoder to augment the caption quality.
Besides, considering that physical entities in the video often
play vital roles in describing the scene, some researchers pro-
posed to incorporate an object detection module, achieving
object-based VC. Specifically, STG-KD"™ designs an object
branch to derive interaction information through the spatial-
temporal graph and then distills it to the scene branch, where
only the latter one is used during the evaluation. Then, in hier-
archical modular network (HMN)"", researchers introduce a
hierarchical captioning framework that links vision representa-
tions and linguistic semantics via the entity module, predicate
module, and sentence module. Some works also incorporate the
audio information®", and knowledge graph9 or introduce
reinforcement learning (RL)">** for caption generations.

In the second group™*", researchers intend to learn repre-
sentations between images and texts or videos and texts by first
pretraining on large-scale datasets, such as LAION-400M"*,
Howto100M™, and Webvid-2.5M™, and then fine-tuning
the model on downstream tasks and datasets or even performing
zero-shot learning™’. Among these works, CLIP4Caption™
fine-tunes CLIP™ through a video-text retrieval manner to en-
hance CLIP’s vision and language representation abilities. Built
on frozen CLIP to extract visual information, IcoCap™' pro-
poses an image-video compounding strategy (ICS) to improve
the video content diversity and visual-semantic guided caption-
ing (VGC) to achieve better captioning results. Recently, based
on the H.264 Codec, some researchers proposed a decoding-free
captioning method, CoCap™, which generates language de-
scriptions directly from the compressed domain.

2.3. Knowledge Distillation

KD™' aims to transfer knowledge from a complex teacher
model to a lightweight student model, which has been widely
explored in various applications, such as object detection!***’,
image recognition™*, image generation™", and person
re-identification®. Recently, an increasing number of works
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have focused on using KD to transfer knowledge from large
pretrained models to domain-specific ones for different
tasks®1, achieving superior performances than traditional
train-from-scratch neural networks. In parameter-efficient and
student-friendly knowledge distillation (PESF-KD)®, research-
ers explore a kind of student-friendly distillation strategy with
smoother soft labels for efficient training. Except for single-
modality knowledge transferring, some researchers also propose
to distill the knowledge for cross-modality tasks based on se-
mantically abundant data sources”™ 7,

What we explore in this work is how to transfer the knowl-
edge from the raw data (high-quality video) to the compressed
data (coded measurement) via KD.

3. Methodology

To realize efficient captioning directly from the compressively
sensed video snapshot captured by a computational camera, we
propose a novel video snapshot captioning model, dubbed
SnapCap, generating descriptions without compression or
reconstruction. In such a cross-modality generative task, the
key is to extract language-related visual features that are further
used for caption generation. Hence, our model consists of a vis-
ual extractor and a caption generator, whose structure details as
well as the learning and inference details will be intro-
duced below.

3.1. Visual Encoder via Knowledge Distillation

Given compressed measurement Y and its corresponding masks
{C, € RTW}B_ shown in Fig. 4(b), a straightforward method
to obtain textual predictions is to train a captioning model like
most VC methods"**?' and then perform inference. However,
owing to the fact that the compressed data Y is always heavily
blurry and noisy with much fewer details than HD video frames,
such a direct manner fails to yield satisfactory results™'®, and it
is a very challenging task to capture effective visual features.
Thanks to the accessible simulation (as introduced in Sec. 2.1),
we can obtain abundant video-measurement data pairs and dis-
till the knowledge from the video to the measurement. Hence,
we hope to build a teacher model to capture effective visual in-
formation from the ground truth video, which can be employed
to guide the feature extraction from the measurement, i.e., the
student model S(-).

Specifically, considering the vision-language association
knowledge incorporated in the pretrained model CLIP™”, which
is trained on large-scale image-text pairs”®®', we apply the image
encoder of the CLIP to capture the information contained in the
video, which is denoted as the teacher model 7'(-). Nevertheless,
given that there is a large discrepancy between the inputs of the
teacher and the student models, it is infeasible to directly copy
the structure of the teacher model to the student one. To solve
this problem, we propose to map the video and the measurement
to a shared latent space.

To be more specific, we transform the videos to the first con-
volutional layer Conv1(-) of the CLIP image encoder to get the
feature maps in an efficient manner as

f(t)OnV = Mean(COHVI(XI’ 7XB)) S RCXhXW, (2)
where Mean(-) denotes the average pooling operation. Given the

measurement Y with much blur and fewer details, it is hard to
extract meaningful semantics from a single-layer convolutional
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operation to match the fZ ... Thus, we introduce an encoder
f(-,-) consisting of multiple residual blocks to extract the latent
representation from the measurement,

flatenl = f(Y’ C) (3)

Then considering that different CLIP structures contain vari-
ous parameter settings, we include a two-layer flexible convolu-
tional operation Conv2(:) after the encoder f(-,-) for feature
map alignment,

Conv = COHV2(f]a[em), Slonv € ROw, )

In this manner, the feature maps of the video and the mea-
surement can be extracted into a shared latent space. Besides,
the follow-up structure of the teacher model, e.g., the “vision
transformer(ViT) blocks” in Fig. 4, can be copied to the student
model as an initialization. With f* ., and f3,,, in the same di-
mension and holding similar semantic representations, we fur-
ther extract language-related vision embeddings for the video
and the measurement, respectively, which can be formulated as

f' = Mean(T(X,, ....Xp)) € RY, 5)

f*=S(Y,C) e R 6)

With such an efficient design, the abundant semantic infor-
mation embodied in the video can be distilled into the measure-
ment. Hence, the distillation loss between the teacher model and
the student model can be written as

Lconv = CMSE(féonv’féonv)’ )
Lemp = Lyvse(f*. S, )
'Cdis = 'Cconv + a‘cemb’ (9)

where Lygg is the mean-square-error distance between two
terms and «a is a coefficient.

In addition to distilling the knowledge from the videos
through the direct feature map alignment, inspired by SENN™,
treating the video as a regularization term can also help f(,-)
and Conv2(-) to extract coherent semantics from the blurry mea-
surement!"”. To this end, we design an efficient decoder g(-),
which maintains the systematic network architecture as
f(,-), to recover videos from the latent representation fi,en
so that both the spatial and temporal details from the video
can be conveyed to the measurement, formulated as

X=g(f(X.0).  Log=) LiK.X). (10)

Both the distillation loss and the regularization term can help
the student model to fully absorb the knowledge from the
teacher model and obtain meaningful vision embeddings for
captioning.

3.2 Caption Generator

After extracting the language-related visual representation f*
from the student model S(-), we design a transformer-based
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projector Proj(-) to map the vision embedding to the text
space,

t = Proj(f’), teRP, (11)

where D is the dimension of the text embedding space. At the
position i of the sentence, the word can be generated as

C.i = PLM(y<i)v (12)
z; = Concat(t,c;), (13)
p(Y;) = Dec(z;), (14)

where y_; represents the generated words before the position i,
PLM(:) means a pretrained language model (PLM) such as
BERT®" to convey the words into the embedding space,
Concat(+) is concatenation, and Dec(+) is a transformer-based
language decoder to generate y;.

3.3. Learning and Inference

During training, given the original frames, we distill the knowl-
edge from the video domain to the blurry coded measurement
domain via two objectives, which are treating the video as a
regularization term as L, and transferring the knowledge in-
corporated in the teacher model through the distillation process
Leony and L.y. Given the ground truth annotations Y., , as in
most previous VC works™*", we adopt cross-entropy loss to
supervise the learning process:

Lo =—) log p(yilf*,y%), (15)

L
-

l

where L is the length of prediction.

Taking a step further, considering that the optimization ob-
jective of including the videos as a regularization term is not
exactly the same as performing feature map alignment, directly
optimizing the parameters via the combining loss may bring
about the convergence issue. To mitigate it, inspired by masked
auto-encoder (MAE), we propose to optimize the encoder f(-, -)
and the decoder g(-) through L., first. Then, without the
involvement of ¢(-), we update the parameters of encoder
f(,-), student model S(-), projector Proj(-), and language
decoder Dec(-) through the loss function:

£lotal = 'Cdis + ﬂ['capv (16)

where S is another coefficient. As suggested by previous
works™*, we employ transformer architecture as Dec(-).

As shown in Fig. 4(b), during the inference process
where only the coded measurement Y and masks C are given,
we input them into the encoder and the student model to
perform forward mapping and derive language-related vision
embedding as
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5 =S(Y.C). (17)

Then the predicted caption is generated in an auto-regressive
word-by-word manner.

In Algorithms 1 and 2, we provide the whole training and
inference algorithms.

4. Experiments

In this section, we conduct experiments and report results to
demonstrate the effectiveness of our proposed framework. We
first detail some experimental settings including the datasets,
compared methods, evaluation metrics, and devices. Then,
we comprehensively evaluate the performance of our framework
on both simulated coded measurements and real data. Finally,
some ablation experiments are carried out to verify the roles of
different components. Note that in all tables, we highlight the
best results in boldface.

4.1 Experimental Settings

Datasets: We conduct experiments on Microsoft research
video to text (MSRVTT)“* and Microsoft research video de-
scription corpus (MSVD)®!, two extensively used VC datasets.
Specifically, the MSRVTT dataset consists of 10K video clips
with 20 captions per video, which are separated into 6513 train-
ing samples, 497 for validation, and 2990 for testing following
previous works"™”. For the MSVD dataset, we separate it into
1200 training videos, 100 for validation, and 670 for testing,
respectively, following previous works"*”.

Evaluation Metrics: Following previous VC works™, we
use BLEU@4 (B), METEOR (M), ROUGE (R), and CIDEr
(C) as the evaluation metrics using the public tool.

Measurement Simulation: Considering that no public
benchmarks have been introduced to evaluate our methods for
now, we propose to synthesize the coded measurement on
MSRVTT and MSVD. Specifically, for a given scene, a

Algorithm 1 Training Stage

Data: Distribution over video frames p(T).

Input: Masks {Cy}£_,, loss coefficients a and $, a pre-trained Language Encoder PLM(-).
Output: Trained parameters for encoder f(,-), student model S(-), projector Proj(-), and the language decoder Dec(:).

For epoch =1, 2, ..., 30 do

Randomly sample a video T; ~ p(T), and sample B video frames {X,(}Ez1 from T;;
Simulate the coded measurement Y with masks {C}2_, as in Eq. (1);
Input the measurement Y and masks {CK}E:1 to the encoder f(-,-) and then decoder g(-,-) to obtain X as in Eq. (10);

End
For epoch=1, 2, ..., 30 do

1
2
3
4
5. Update the parameters of encoder f(-,-) and decoder g(-,-) through the regularization loss as in Eq. (10).
6
7
8

Randomly sample a video T; and generate the coded measurement Y with masks {C,(}E:1 as in Eq. (1) from B video frames

X1

9. Input the measurement Y and masks {CK}E:1 to the encoder f(-,-) to get the latent representations fi;e @s in Eq. (3);

10. Input the latent representation of measurement to the student model S(-) to get the feature maps f35,,, as in Eq. (4) and the visual
embedding f° as in Eq. (6);

11. Input the video frames {X}2_, to the teacher model S(:) to obtain the feature maps fi,,, as in Eq. (2) and the visual embedding

f! as in Eq. (5);

12. Compute the distillation loss Ly as in Eq. (7) to Eq. (9);

13. Input visual embedding f° to a projector Proj(-) to obtain t as in Eq. (11);

14. Input the ground truth annotation to the PLM(-) and generate the predicted caption word-by-word through the language decoder

Dec(-) as in Eq. (12) to Eq. (14);

15. Update the parameters encoder (-, ), student model S(-), projector Proj(-), and the language decoder Dec(-).

16. End

Algorithm 2 Inference Stage

Data: Coded measurement Y and masks {Cy}?_,.

Input: Trained model encoder f(-,-), student model S(-), projector Proj(-), and the language decoder Dec(-).

Output: Predicted captions.

H>wDh o~

Input the measurement Y and masks {Ck}fz1 to the encoder f(-,-) to get the latent representations fi,e @s in Eq. (3).
Input the latent representation of measurement to the student model S(-) to get the visual embedding f° as in Eq. (6).
Input visual embedding f° to a projector Proj(-) to obtain t as in Eq. (11).

Generate the predicted caption word-by-word through the language decoder Dec(-) as in Eq. (14).
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Table 1 A Comparison of Proposed Efficient Measurement-Based Captioning and Different Video-Based VC Methods on MSRVTT
and MSVD.

MSRVTT MSVD
Method Input modality B M R C B M R C
Video frame-based methods
Recent? Ve 39.1 26.6 59.3 42.7 52.3 341 69.8 80.3
SGN®! V+M 40.8 28.3 60.8 49.5 52.8 35.5 72.9 94.3
HMNE! V+M+D 43.5 29.0 62.7 515 59.2 37.7 75.1 104.0
CoCapt* \'% 431 29.8 62.7 56.2 55.9 39.9 76.8 113.0
CoCap™/ V (ViT-L/14) 441 30.3 63.4 57.2 60.1 414 78.2 1215
RSFD®! V+M+A 43.4 29.3 62.3 53.1 51.2 35.7 72.9 96.7
IcoCap™®! CLIP features 47.0 31.1 64.9 60.2 59.1 39.5 76.5 110.3
Our TeaCap- \" 45.6 30.6 63.9 58.3 56.1 39.2 76.7 114.9
Coded measurement-based methods
Our SnapCap Coded measurement 442 30.1 63.2 56.7 54.9 38.2 75.4 108.9
Our SnapCap(ViT/L-14) Coded measurement 47.2 311 65.1 60.5 60.3 40.9 78.8 1171

*V,” “M,” “D,” and “A” denote the vision, motion, detection, and audio modalities, respectively.
YQOur TeaCap” means we employ the teacher model as the feature extractor from video frames and train a caption generator, identical to SnapCap’s.

measurement is generated by compressing and integrating every
B high-speed frame using the coding masks {C}}2_,, as defined
by Eq. (1).

Implementation Details: All experiments are conducted on
a workstation with 16 Intel i7 CPUs 2.50 GHz and an NVIDIA
Geforce RTX 3090 GPU. Similar to previous works”"*, each
video is segmented as 7 = 12 clips, where we generate T = 12
measurements with the mask ratio B = 8 as the model input. In
Sec. 3.3, we propose to optimize the parameters of f(-,-) and
g(+) first through regularization in Eq. (10) with the AdamW
optimizer and the initial learning rate of 3 x 10~ in the begin-
ning 10 epochs and decaying to 1 x 107 in the remaining 20
epochs. Secondly, to better extract meaningful and useful visual
features for generating captions, we use an AdamW optimizer
with a learning rate of 3 x 10~ for 30 epochs for the student
model and the caption generator through the loss function in
Eq. (16), where the coefficients a and f are set to 0.001 and
1. The number of layers for the transformer-based projector
Proj(-) and decoder Dec(:) is set as 2.

4.2. Comparison with VC Methods

To validate the effectiveness of our model, we conduct compar-
isons with state-of-the-art (SOTA) video-based captioning
methods on both MSRVTT and MSVD datasets. It should be
noted that, given video frames, most SOTA methods employ
one or more spatial, motion, and detection characteristics,
and others, e.g., external knowledge graphs and audio tran-
scripts, to generate captions, which take more time for inferring
and consuming more storage. The quantitative results of these
methods are listed in Table 1. We also adopt a TeaCap model,
which consists of our teacher model, the pretrained CLIP ViT™*,
and a language generator including a two-layer projector and a
two-layer decoder. The parameters of the teacher model are fro-
zen, while we train the language decoder through the caption
loss as in Eq. (15), similar to Ref. [4]. Compared to previous
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VC methods, our TeaCap exhibits competitive captioning re-
sults on two datasets.

Further, for our SnapCap model, we initialize the weights of
ViT blocks in the student model with pretrained CLIP ViT mod-
els. From Table 1, we can find that our SnapCap achieves com-
petitive performances compared with video frame-based
methods. As the training loss is shown in Eq. (16), on the
one hand, the student model distills the knowledge from the
teacher model (trained on a large-scale dataset). On the other
hand, it can also learn the knowledge from the data via training.

Further, in Figs. 5 and 6, we visualize the coded measure-
ment, video frames, and predicted descriptions by our SnapCap
as well as the ground truth on MSRVTT!** and MSVD'**! data-
sets, respectively, where our SnapCap is able to accurately de-
scribe the scene in language.

4.3. Ablation Study

4.3.1. Comparison with two-stage methods

Given the coded measurement, a straightforward and intuitive
manner for captioning is to reconstruct frames first and then per-
form captioning. However, such a two-stage strategy typically
consumes more time and computational resources, which poses
a tricky dilemma in resource-limited occasions. In this part, we
conduct experiments to demonstrate the superiority of our
reconstruction-free compression-free compressive learning
schema in terms of inference speed, memory consumption,
and captioning quality on the same 3090 GPU. For two-stage
methods, we load pretrained neural networks BIRNATY,
STFormer™, and EfficientSCI™, three methods, to perform
reconstruction first with 7 = 12 input measurements. Then,
we apply a trained captioning model, TeaCap in Table 1, to gen-
erate descriptions. Hence, for all these two-stage methods,
they share the same captioning model. The results on the
MSRVTT® dataset are listed in Table 2, where the inference
time is averaged over the whole testing set with batch size 1.

2025  Vol. 2(1)
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Frames 49 -56

SnapCap prediction: a car is driving down a road.
Ground truth annotation: a white car is driving on a road.

Measurement 7 Measurement 13

r_!
I~

Frames 17-24

SnapCap prediction: a man is driving a car.
Ground truth annotation: a car is being driven.

Measurement 3 Measurement 19

SnapCap prediction: a man is showmg how to make a salad.
Ground truth annotation: a man is giving a cooking tutorial.

Measurement 10 Frames 73 80 Measurement 33

SnapCap prediction: a man is playing a video game.

Frames 97-104

H

Ft

q
m

vk

J/ 3
ol |
A
a/d

Frames 257 264

Ground truth annotation: a person drives a race car in a video game.

Frames 121 -128

Measurement 16

Measurement 27

|
MM

Frames 161 -168

Measurement 21

Measurement 72

Frames 569 576

Fig. 5 Qualitative results on the MSRVTT dataset. We exhibit the compressed measurement,
predicted caption by SnapCap, and the ground truth annotations. For a better understanding,

we also show the ground truth video frames.

We also include the GPU usage of these methods as well as the
reconstruction time (“Rec.” in the table) and caption time for
comparison. It can be clearly found that our proposed
reconstruction-free video snapshot captioning model, SnapCap,
has significant advantages in terms of inference speed. It also
consumes less GPU memory but achieves the best captioning
performances among these methods.

Further, given the fact that in video CS systems such as
CACTI, compression ratio B plays a determined factor in the
quality of recovered videos for software decoders. Usually,
the smaller the B, the better the reconstruction quality, leading
to better captioning performances. To evaluate the robustness of
SnapCap, we conduct experiments with different values of B
and report the CIDEr values in Fig. 7. From the figure, it
can be notably found that our SnapCap shows the least perfor-
mance degradation as B increases.

4.3.2. Comparison with the traditional pipeline

As mentioned in Sec. 1 and shown in Fig. 1(a), traditional multi-
stage VC methods™ usually start from the “sampling & caption-
ing” stage while ignoring the data acquisition, compression, and
decoding phases. Here, we consider three representative VC
methods based on the H.264 Codec, as listed in the top part
of Table 2. The CoCap™ model generates the caption directly
on the H.264 compressed videos without decoding the original
frames. Although it achieves competitive results on the
MSRVTT dataset with our SnapCap using the same backbone
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network, CLIP ViT-B, it runs about 2 times longer than
SnapCap. Further, we have not yet considered the resource con-
sumption to obtain the compressed videos from the live scene. In
addition, for a fair comparison to CoCap™", we also report the
decoding time and captioning time of traditional multi-stage VC
methods, HMNP”, and refined semantic enhancement method
towards frequency diffusion (RSFD)?", where the decoding is
completed through an open-source package ffmpeg.

4.3.3. Effects of regularization and distillation

In Sec. 3, we introduce a novel VC pipeline that takes com-
pressed measurement and the masks as input to derive lan-
guage-related vision features for captioning. During training,
we propose to optimize f(-,-) and g(-) through the L, loss first
and then update the parameters of S(-), Proj(-) and Dec(-) under
the guidance of the teacher model, secondly, as well as the cap-
tioning loss.

To demonstrate the effectiveness of transferring knowledge
strategy through the regularization manner and the direct feature
map matching schema, we conduct experiments by removing
the £, and Lg step by step. In Table 3, we report the numeri-
cal results of the MSRVTT! dataset. It can be noted that, with-
out L, nor Ly, the model is almost unable to describe the
scene where, during the training and inference, we observed
the severe over-fitting problem. Hence, it is rather difficult to
obtain meaningful features directly from coded measurement,
which is also observed in previous works'”'®, However, both

2025  Vol. 2(1)
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Measurement 15 Frames 113 -120 Measurement 24 Frames 185-192 Measurement 36 Frames 281 -288

uooo e
(0l 28 £ R

SnapCap prediction: a woman is cutting a potato.
Ground truth annotation: someone is slicing a vegetable.

Measurement 6 Frames 41 -48 Measurement 19 Frames 145 -152
i

EEEE
o o

SnapCap prediction: a man is driving a motorcycle.
Ground truth annotation: a man is driving a motorcycle in the water at the edge of a beach.
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Measurement 2 Frames 9-16 Measurement 36 Frames 281 -288 Measurement 60

EIEEES M
B

SnapCap prediction: a man is cutting a box with a knife.
Ground truth annotation: a man is opening a box with a knife.

Measurement 1 Frames 1-8 Measurement 7 Frames 49 -56 Measurement 16

SnapCap prediction: a girl is applying stickers.
Ground truth annotation: a young woman is putting stickers on her face.

Fig. 6 Qualitative results on the MSVD dataset. We exhibit the compressed measurement, pre-
dicted caption by SnapCap, and the ground truth annotations. For a better understanding, we also
show the ground truth video frames.

proposed knowledge-transferring strategies effectively extract we test our model on two color public real snapshot compressive
meaningful and language-related vision features for captioning. ~ data, Ball Rotate™ and Hammer”, which are captured by
Ref. [14], and four grayscale public real snapshot compressive
data, Domino, hand, pendulum, and Water Ballon. The coded
measurement and our predicted caption are presented in Figs. 8
Except for simulation data, we also apply our framework to the and 9, respectively, where the reconstructions obtained
real data captured by the CACTI system. To be more specific, ~ by STFormer® (Ball Rotate and four grayscale data) and

4.4. Captioning on Real Data

Table 2 Comparison of GPU Memory, Inference Time, and Captioning Results Using Different Strategies.

Method Inference time (ms) MSRVTT

Compressed input Dec./Rec.? Cap.” GPU memory (GB) Dec./Rec. Cap. Total B M R C
Encoded video by H.264 ffmpeg HMNEE! 111 42 1430 1472 435 29.0 62.7 515
ffmpeg RSFD®! 10.1 43 1476 1519 43.4 293 623 531
CoCapl[44]° 5.2 0 387 387 431 298 627 56.2
Coded measurement- BIRNAT®! TeaCap 6.2 456 185 641 414 276 60.7 479
STFormer®  TeaCap 17.0 825 183 1008 41.7 28.6 61.3 50.8
EfficientSCI”  TeaCap 12.8 619 182 801 413 288 61.6 50.8
Our SnapCap 5.7 0 197 197 442 301 63.2 56.7

“The term “Dec./Rec.” denotes the reconstruction for coded measurement and decoding for H.264 Codec.

*Cap.” means the caption process.

°For CoCap, we apply their ViT/B-16 results.

9For coded measurement-based methods, we employ three advanced reconstruction methods to derive video frames first, which are input to the same
captioning model, our TeaCap (ViT-B/16), in Table 1.

Advanced Imaging 011003-9 2025 e Vol. 2(1)
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CIDEr Value

8 16

—4—SnapCap

=4—BIRNAT

EfficientSCI

=4—STformer

24 32

Compression Ratio (B)

Fig. 7 Caption quality (in terms of CIDEr value) comparison of different methods and different

multiple compression ratios (Refs. [8,16,23,31]).

Table 3 Contributions of Regularization Loss and Distillation
Loss on the MSRVTT Dataset.-

Leg Lais B M R c

x x 24.7 21.7 52.0 16.8
J x 32.1 226 55.6 29.3
x J 33.0 24.9 57.0 31.6
J J 44.2 30.1 63.2 56.7

“The last row is our SnapCap.

BIRNAT"! (Hammer) are also exhibited for reference. It can be
clearly and notably noted that our proposed VC pipeline is able
to describe the scene accurately in language.

5. Limitations and Future Work

In this paper, we propose an efficient scene captioning model,
SnapCap, to generate captions directly from the compressed
measurement without reconstruction. Actually, there are some
limitations of SnapCap, noted as follows: (1) SnapCap only tar-
gets captioning, which is a sub-field in the scene understanding,
constraining the applications of SnapCap in real-world scenar-
i0s. (2) The CACTI system integrates light over several frames,
which may result in motion blur for scenes with fast-moving

SnapCap (ours) prediction: a people is showing a video of a rotating ball.
Two-stage model prediction: a video of a football game.

SnapCap (ours) prediction : a hammer is hitting a ball.

Two-stage model pred: a man is playing the ball.

Fig. 8 Comparision of captioning results (our model prediction and two-stage model prediction) on
two color real data. The top row is about Ball Rotate, and the bottom row is about Hammer. For
better understanding, we also plot the reconstructed results of STFromer (top part) and BIRNAT

(bottom part).
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SnapCap (ours) prediction: a people is knocking over dominoes.
Two-stage model prediction: a video of a domino.

SnapCap (ours) prediction : a hand is waving.
Two-stage model pred: a man is shaking the hand.

SnapCap (ours) prediction: a people is showing a video of a winging pendulum.
Two-stage model prediction: a video that balls are moving.

Two-stage model pred: a video of a platform “LAB” and a falling ball.

Fig. 9 Comparison of captioning results (our model prediction and two-stage model prediction) on
four grayscale real data. From top to bottom, it is about the Domino, hand, pendulum, and Water
Ballon. For better understanding, we also plot the reconstructed results of STFromer.

objects and cause captioning degradations. (3) Under low-light
conditions, it could be very hard for the CACTI system to in-
tegrate the signals and output measurement. Hence, SnapCap is
not suitable for low-light environments.

Toward possible future work, we are trying to explore the
following: (1) Framework generalization: SnapCap is only used
for scene captioning, which is a sub-field in the scene under-
standing area. Hence, we will explore extending SnapCap to
more related tasks, such as object detection and tracking on
the scene. (2) Longer-duration and faster-changing scenes: in
this paper, we verify the effectiveness of SnapCap on two short
and ‘“‘static” video benchmarks, MSRVTT and MSVD, which
usually last less than 10 s with a little movement transition.
Therefore, we will continue applying SnapCap on more
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long-video benchmarks with rapid movement variations. (3)
Generalization of other computational imaging systems:
SnapCap begins from a snapshot CS camera, which is a part
of computational imaging, and there are other systems like
single-pixel imaging and metasurface-based imaging. We will
explore extending SnapCap to more computational imaging
technologies.

6. Conclusion

In this paper, to achieve efficient VC without software-based
compression or reconstruction, we propose a novel end-to-
end framework to generate captions directly from the com-
pressed measurement. Specifically, we employ the KD strategy
through a pretrained large vision language, CLIP, to transfer the

2025  Vol. 2(1)
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knowledge from the video domain to the measurement domain.
In the experimental section, we compare our proposed SnapCap
with traditional multi-stage VC methods and two-stage methods
on two extensively used benchmarks. Both the quantitative and
qualitative results demonstrate that our SnapCap is able to de-
scribe the scene efficiently and accurately. We also verify the
feasibility of our model in real data.
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