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ABSTRACT
Streaming systems are an increasingly appealing substrate for man-
aging video data via the stream abstraction. However, if we consider
a large stream collection, it can be hard for data scientists to dis-
cover and locate relevant videos, let alone specific video fragments.
In this paper, we propose StreamSense: a policy-driven, semantic
video search solution for streaming systems. StreamSense allows
users to deploy AI models that generate embeddings from video
frames via policies. Our system uses such embeddings for building
a two-level index in a vector DB that efficiently handles inter/intra
video queries. StreamSense abstracts users from vector DB interac-
tions so they can perform semantic search using images as input
and visualize the results. We built our prototype on top of a tiered
streaming storage system (Pravega) and validated it on a health-
related use case. We show that StreamSense allows data scientists
to search for video fragments in real surgery datasets in < 30ms.
StreamSense also reduces data ingestion related to AI training data
loading in +80% compared to simple bulk loading video streams.

CCS CONCEPTS
• Information systems → Hierarchical storage management;
Stream management; Video search; • Applied computing→
Health informatics.
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1 INTRODUCTION
Event streaming systems, such as Apache Kafka [4, 40], AWS Ki-
nesis [1], or Apache Pulsar [5], are enabling organizations of all
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kinds to ingest, store, and process data in real-time with high per-
formance and scalability. While streaming systems are often as-
sociated with managing event-like data types (e.g., logs, sensors),
there is an increasing interest in using these systems for managing
multimedia. For instance, AWS Kinesis can ingest video streams
and serve them in real-time to analytics applications [2]. Similarly,
Pravega [13] offers a GStreamer connector for building video analyt-
ics pipelines [14]. Use cases like object identification in surveillance
cameras, computer-assisted surgery, and quality control on manu-
facturing processes are just some examples that motivate streaming
systems to support video streams as a first-class citizen [7, 11].

Furthermore, with the advent of AI, video streams are increas-
ingly valuable not only when processed in streaming fashion, but
also in batch. For instance, historical video data is a key asset in AI-
related tasks like model training [47]. We also realize that this aligns
naturally with the shift of streaming systems towards supporting
storage tiering for data streams [6, 28]. Tiering stream data to a
scale-out, cost-effective storage is an ideal solution when ingesting
and storing video data for extended periods of time.

Unfortunately, while tiering stream data is a key requirement
for managing historical video data, this alone is not enough. When
training AI models, data scientists require the means to query and
locate video streams, or even specific video fragments, within a
large pool of videos. Such queries could be related to the content of
videos, which goes beyond what video metadata can express. This
requires some sort of semantic video search solution for streaming
systems that, to our knowledge, is not available today.

1.1 Motivation and Challenges
Our main goal is to devise a flexible semantic video search solution
for streaming systems. Achieving this goal could provide added
value to data streaming platforms supporting video stream ingestion
and analytics [1, 9]. For example, users could index video streams
based on their own models and get accurate query results in the
form of video fragments. Even more, data loaders in AI inference
frameworks could exploit such a mechanism by ingesting only
relevant video fragments for training a model, discarding the rest.

While promising, achieving this goal entails some challenges:
(C1) Flexible content-based video stream indexing: Although a

video stream is immutable, its contents can be indexed in multiple
ways. For instance, a data scientist may use a surgery video for
training anAI inferencemodel for liver segmentation, while another
user may resort to the same video stream for learning surgery
techniques with specific instruments. As one can infer, both users
are interested in different fragments of the same video stream. But
supporting queries for both users requires the system to understand
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what a "liver" and a "surgical instrument" are in order to build an
index accordingly. Therefore, our solution should enable users to
(re)index the same video stream based on different models.

(C2) Scalable semantic search: Dealing with tiered video streams
for long retention periods requires managing large amounts of
index data. In use cases like health video analytics, we may require
indexing each video stream with fine granularity (e.g., embedding
per key video frame). On the one hand, it seems apparent that
building a global index for all the videos would not scale, as the
amount of required memory per query is, in some cases, the size of
the indexed vectors [45, 57]. On the other hand, the cost of querying
individual per-stream indexes may grow linearly with the number
of video streams. Thus, we need to devise an index management
approach that provides a reasonable solution to this trade-off.

(C3) Programmatic search interface: We see potential in exposing
a semantic searchmechanism via APIs to external programs, in addi-
tion to serve data scientists. For instance, AI inference frameworks
could reduce data transfers when loading data that is related to the
specific model to train, instead of bulk loading a whole collection
of video streams. However, this topic requires further exploration.

1.2 Contributions
In this paper, we present StreamSense: a policy-driven, semantic
video search solution for streaming systems. StreamSense allows
users to plug-in custom embedding models via policies for seam-
lessly indexing video streams both in real-time and batch. Stream-
Sense builds a two-level indexing model: a global sampling index
contains a small subset of key frame embeddings for all the videos,
whereas the system also builds a full index per video stream/model
pair associating vector embeddings with video frame offsets in
a data stream. This allows us to efficiently run inter/intra video
queries. StreamSense abstracts data scientists from vector DB inter-
actions so they can perform semantic search using images as input
and visualize the results. In summary, our contributions are:

• Design of StreamSense: a policy-driven semantic video search
solution that exploits tiered storage in streaming systems.

• Implementation of StreamSense including index generation,
index management, and semantic search interface.

• Evaluation of StreamSense on AWS with real workloads.
We built our prototype on top of a tiered streaming storage sys-

tem (Pravega) and validated it on a computer-assisted surgery use
case from the National Center for Tumor Diseases (NCT), Germany.
Via experiments, StreamSense allows data scientists to search for
video fragments in real video surgery datasets in < 30ms. Stream-
Sense also reduces data ingestion related to AI training data loading
(PyTorch) in +80% compared to simple bulk loading video streams.

2 BACKGROUND
In this section, we provide the essential background to understand
the technologies and core design decisions of this work.

2.1 Pravega & GStreamer
Pravega [28] is a distributed, tiered storage system for data streams.
Pravega stores data events in streams. A stream is a durable, elas-
tic, append-only, unbounded sequence of bytes achieving good
performance and consistency. Internally, streams are divided into

segments. A stream segment is a partition of the data within a
stream. A stream may have multiple segments open for appending
events at a given time, which enables higher throughput [29].

Pravega offers client libraries implementing the server APIs,
such as writers and readers. On the server side, we find the Pravega
control plane formed by controller instances. The control plane is
responsible for orchestrating stream lifecycle operations, as well
as managing the system’s metadata. The data plane handles IO
requests from clients and is formed by segment store instances. The
segment store has two storage tiers:Write-Ahead Log (WAL) and
Long-Term Storage (LTS). The main goal of WAL (implemented
via Apache Bookkeeper [3, 36]) is to guarantee durability and low
latency of incoming writes and keep that data temporarily for
recovery purposes. Segment stores asynchronously move data to
LTS, which acts as the final destination of stream data.

For supporting video analytics, Pravega provides a GStreamer
connector [14]. With GStreamer [10], users can build multimedia
pipelines and streaming applications. Our GStreamer connector
exposes the ability to read and write byte buffers corresponding
to video frames in GStreamer pipelines. Thus, Pravega is a durable
sink and a low-latency source for GStreamer applications.

2.2 Computer-assisted Surgery in NCT
The National Center for Tumor Diseases (NCT, Germany) [12] is
an institution that mixes data scientists and surgeons to apply AI
techniques on surgery-related multimedia. Specifically, we are col-
laborating with NCT to supporting a computer-assisted surgery use
case. NCT requires video data from surgery cameras to be durably
ingested and processed in real time via specialized AI inference
models to help surgeons during the procedure [42]. Moreover, video
data should be durably stored in long-term storage, so it can be
accessed via batch analytics (e.g., AI model training). We have built
a proof-of-concept for NCT by using Pravega and GStreamer for
managing video streams and feeding containerized AI jobs.

Nonetheless, a new challenging requirement for NCT is to search
for specific video fragments, or even individual frames, in a collec-
tion of video streams. This is required for multiple reasons, ranging
from the creation of specialized AI model training datasets to help
surgeons or medical students locating specific video fragments of
certain anatomies. If we consider a large collection of video streams,
using just the metadata of video streams is not enough to satisfy
content-based queries. Moreover, data scientists may require to find
videos based on unstructured data as input, like an image. We need
a content-based approach for indexing, querying, and retrieving
relevant video stream data in streaming systems.

3 STREAMSENSE DESIGN
In what follows, we describe the design of StreamSense: our policy-
driven semantic video search solution for streaming systems.

3.1 Policy-driven Video Embeddings Generation
In Fig. 1, we provide a high-level overview of the architecture of
StreamSense and the use case that motivates it. First, we identify the
video ingestion phase. As visible in step 1○ of Fig. 1, video frames
from surgery cameras are ingested in Pravega as video streams.
Pravega achieves low latency and durability upon video ingestion
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Figure 1: Overview of StreamSense design and main components in the NCT use case.

thanks to the WAL [36], which is expected for streaming com-
putations. Moreover, the storage tiering mechanism in Pravega
automatically moves video data to LTS. Upon a batch job process-
ing video data, Pravega will exploit the high read throughput and
parallelism of LTS systems (e.g., NFS, AWS S3, HDFS). Therefore,
using a tiered streaming system like Pravega achieves a sweet spot
in the latency vs throughput trade-off when ingesting video data.

The indexer controller is the main component of StreamSense.
One of its tasks is to orchestrate indexing activities via policies [30].
To this end, users can define policies for indexing video streams
(step 2○ in Fig. 1). Such policies are expressive enough for capturing
relevant aspects of the indexing process, like the embedding model
to be used or the index sampling granularity. For example:

FOR STREAM s USE EMBEDDINGS MODEL m INDEX SAMPLING i

With the policy above, the data scientist instructs the system
to index a video stream 𝑠 via the embeddings model 𝑚, as well
as to use an index sampling algorithm 𝑖 (see §3.2). The indexing
controller keeps the information of policies in a metadata store.

Indexing policies may be in two states: active and completed,
depending on whether the indexing process for a video stream
has finished or not. The indexer controller triggers the embedding
generation process for active policies. Retaking the previous ex-
ample, the indexer controller spawns a new indexing instance (e.g.,
container or VM) with the requested embedding model running
inside and consuming data from stream 𝑠 (step 3○ in Fig. 1). Note
that policies apply to both real time and historical video streams.
Exploiting tiered data streams abstracts stream readers from the
data location, while achieving good performance in both streaming
and batch computations. With StreamSense, a data scientist could
trigger multiple indexing instances for the same video stream, thus
generating multiple semantic indexes for the same content.

For simplicity, StreamSense provides an indexing container image
that handles IO with the streaming system and contains the neces-
sary dependencies. StreamSense creates a new indexing instance
using the indexing container image with the appropriate model
from the model registry (i.e., repository of embeddings models on
top the indexing container image). Under the hood, the indexing
container image ingests the video frames, passes them through the
model, and writes the index data in the vector DB.

3.2 Two-level Video Indexing
In health use-cases like NCT, every frame may contain critical infor-
mation pertaining to surgical events, such as serious complications.
Missing video frames could result in overlooking vital details, which
motivates us to store full video stream indexes (step 4○ in Fig. 1).
However, while vector DBs can create indexes over large vector
embeddings collections, performing efficient queries on a single
index containing all the video embeddings can be challenging [25].
For example, vector DBs like Milvus [55] are limited in their query
capabilities to the amount of available memory [45]. On the other
hand, just creating an index per video stream and embeddings
model can be problematic too. To wit, since each query can only
access one video stream index, the cost of searching for content may
grow in the order of the number of video stream indexes. This is
an interesting trade-off that calls for a vector DB-agnostic solution.

In StreamSense, we build a two-level video stream indexing lay-
out per embeddings model (see Fig. 2). First, indexing policies define
an indexing sampling algorithm. StreamSense currently offers time-
based index sampling (e.g., index a frame every 1 or 30 minutes), but
more sophisticated "shot boundary" algorithms can be added in the
future [52, 60]. New video sampling algorithms just need to imple-
ment the do_sampling(frame, embedding, offset) method in
the indexing container image. The index sampling algorithm deter-
mines the embeddings that will be stored in the stream sampling in-
dex (via the add_to_sampling_index(embedding, stream) call).
Such an index will contain a small set of embeddings for all the
videos in the system associated to the video stream. The stream
sampling index enables StreamSense to search for videos in which
any (sampled) frame satisfies a similarity query.

An indexing instance also builds a full index for the stream
at hand (e.g., one embedding per key frame). The outcome of
the embeddings model running in the indexing instance is writ-
ten to the vector DB via the add_to_index(stream, embedding,
frame_id, offset) call.With this index, StreamSense can perform
fine-grained search on any video stream. This is key for finding
relevant video fragments given a specific similarity criterion.

In summary, our two-level video indexing layout trades-off a
small storage penalty building the sampling index (e.g., 1% to 5%
additional vector embeddings depending on the sampling model)
for better query scalability (see results in §4.3). Next, we describe
how StreamSense uses this index for serving semantic queries.



MIDDLEWARE Industrial Track ’24, December 2–6, 2024, Hong Kong, Hong Kong
Gerard Finol, Arnau Gabriel, Pedro García-López, Raúl Gracia-Tinedo

Luis Liu, and Reuben Docea, Max Kirchner, Sebastian Bodenstedt

Figure 2: The stream sampling index helps us to find video
streams in which any of their computed sample embeddings
matches a similarity query. A per-stream index allows us
running semantic search within video streams.

3.3 Semantic Video Search
The indexer controller also takes care of orchestrating the query
workflow in StreamSense. First, it receives the input data for the
query at hand. We consider two types of input data: vector embed-
dings and images. In the former, the provided embedding is directly
used to perform the similarity search against the vector DB. For the
latter, the indexer controller should first generate the embedding
from the input image and then perform the similarity search.

Based on the generated indexes, StreamSense allows users to
perform two types of queries: inter-video and intra-video (step 5○
in Fig. 1). Queries target the index generated from the embeddings
model𝑚 (step 6○ in Fig. 1). Let’s see an inter-video query example:

GET k STREAMS FROM f FRAMES x% LIKE [IMAGE] USE EMBEDDINGS MODEL m

Inter-video queries use the sampling embeddings index for the
given embeddings model and enable users finding video streams in
which any (sampled) frame matches the similarity criterion. Inter-
video queries expose four parameters to users: i) the maximum
number of video streams to return to the user (𝑘), ii) the number
of closest sample frames to retrieve from the vector DB (𝑓 ), iii) the
similarity threshold or percentage required for result video streams
(𝑥), and iv) the embeddings model (𝑚). The query workflow boils
down to retrieving from the sampling embeddings index for model
𝑚 the top 𝑘 · 𝑓 sample frame embeddings most similar to the input
embedding. We filter out the embeddings that do not meet the
similarity threshold 𝑥 for retrieving the relevant best 𝑘 streams.

Intra-video queries allow users finding fragments within a video
stream that match the similarity criterion. Let’s see a query example:

FROM k STREAMS GET f FRAGMENTS WITH FRAMES x%
LIKE [IMAGE] FRAGMENT_LENGTH t USE EMBEDDINGS MODEL m

The query workflow works in two steps: first, the indexer con-
troller runs an inter-video query with the input embedding to
retrieve the most similar 𝑘 video stream candidates and discard-
ing the ones not respecting the similarity threshold 𝑥 . Then, with
the resulting video stream collection, the indexer controller will
search the specific video stream full indexes for the 𝑓 most similar
frames —described by <embedding:frame_id:offset> triples— to
the input image reference. For each video stream, the query filters
the <embedding:frame_id:offset> triples with an accuracy that
meets the embedding similarity threshold 𝑥 . The length of the video
fragment surrounding a relevant frame is determined by the query
parameter 𝑡 (e.g., 20 seconds). The cost in terms of vector DB queries
of this process is 1 query to the sampling embeddings index and
up to 𝑘 queries to find frames to the individual video stream full
indexes, which can be parallelized for better performance. Note
that it may be the case for several relevant frames to be consecutive
in a video stream. To minimize redundant results, video fragments
with overlapping offsets are merged into a single one.

Both inter/intra-video queries are exposed via APIs in the in-
dexer controller (i.e., find_streams(image, k, f, x, m) and
find_fragments(image, k, f, x, t, m)). This enables external
programs to exploit the semantic video search in StreamSense. We
believe the use-case of collecting relevant datasets for AI training
in inference frameworks (e.g., PyTorch) is especially interesting. As
we assess in §4.4, this allows users to easily find and load relevant
training datasets, while reducing data transfers during the process.

Finally, the indexer controller gets the video stream names or
video fragments offsets from a query and interacts with Pravega
for displaying the query results back to the data scientist (step 7○
in Fig. 1). StreamSense also provides facilities for visualizing the
outcomes of queries, thus providing a full end-to-end solution for
semantic video search (step 8○ in Fig. 1).

4 EVALUATION
Our evaluation focuses on: i) what is the video indexing perfor-
mance of StreamSense? (§4.2), ii) what is the semantic search latency
of video streams/fragments? (§4.3), iii) can StreamSense reduce data
loading phase for AI training via semantic search? (§4.4).

4.1 Setup
We summarize here the configuration used in our AWS experiments.

Prototype Implementation. Our implementation relies on Pravega
for video stream IO via the GStreamer connector [14] and Mil-
vus [31, 55] as a vector DB. We also have a base docker image
with the necessary dependencies for managing video streams from
Pravega which are consumed by AI inference models. The indexer
controller is implemented in Python and manages indexing policies
and the life-cycle of indexing instances (e.g, as VMs or Kubernetes
pods). The code StreamSense is publicly available [18].

Deployment. StreamSense is deployed in a EC2 cluster of 4 nodes
(us-east-1a) inside the same VPC. Pravega uses an i3en.2xlarge
instance (8 vCPUs, 64GB of RAM, and 2 NVMe) running a Pravega
controller, a Pravega segment store, a Bookkeeper instance, and
a Zookeeper instance. We use an EFS share as long-term storage
for Pravega. The indexer controller runs on a p3.2xlarge instance
(8 vCPUs, 61GB of RAM, and an NVIDIA V100 GPU) jointly with
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Figure 3: StreamSense performance: i) key frame streaming indexing latency with h264 encoding (left), ii) throughput indexing
parallel streams in batch depending on the encoding type (center), and iii) inter/intra stream semantic query latency (right).

the AI inference model. An official standalone Milvus hosted on a
m5.2xlarge instance (8 vCPUs, 32GB of RAM) configured with a
global Collection that will store the embeddings from the sam-
pled frames, and a Collection per video stream that will store the
embeddings from all the key frames (e.g., 1 per second). In Milvus,
we use the Inverted File Index index type with 64-point clus-
ters and the cosine similarity metric for the search and bounded
staleness consistency mode (default). A c5.4xlarge VM (16 vC-
PUs, 32GB of RAM) generates h264 (25FPS, 940x560) video streams
emulating surgery cameras. We run a GStreamer pipeline that reads
MP4 files from our datasets and writes them to Pravega as streams.

Datasets and Embedding Models. We utilize three publicly avail-
able datasets of surgical videos: CATARACTS [21], which includes
videos of cataract surgeries; CHOLEC80 [46], which comprises
videos of cholecystectomy surgeries; andAUTOLAPARO [56], which
consists of videos of laparoscopic hysterectomy surgeries. To ex-
tract the embeddings, we make use of ResNet50 [32] trained with
the IMAGENET1K_V1 dataset for its performance in our similarity use
case. It is also widely used for surgery processes, as seen in [37, 59].

4.2 Video Indexing Performance
Next, we focus on the indexing performance of StreamSense both in
streaming and batch (Fig. 3). In the streaming case, Fig. 3(a) the total
indexing latency for key video frames and the latency breakdown.
Indexing latency is measured by time-stamping video frames at the
source and calculating the delta through the indexing process.

In Fig. 3(a), the total key frame indexing latency ranges between
63ms and 360ms in average, depending on the decoding config-
uration. This is the waiting time for a data scientist to perform
semantic search on ingested video frames in StreamSense. We ob-
serve that video decoding is a compute-intensive task that seems
to dominate indexing latency. A plausible explanation to this is
that, while inference models use the available VM GPU, GStreamer
decoding by default uses CPU. Some decoding configurations also
entail buffering frames, which has a toll on latency as well. The
latency difference between the default GStreamer decodebin and
the fast configuration (i.e., ultrafast speed preset, fastdecode)
gives a sense on the room for optimization in this indexing stage.

Fig. 3(a) shows a latency breakdown indexing key frames in
StreamSense. The Pravega IO latency shows a p99 latency under
7ms. This confirms that Pravega achieves good performance for

managing video data in real-time, while providing automated stor-
age tiering to LTS. For comparison, we have performed a micro-
benchmark measuring the latency of writing and reading 10KB
events in AWS Kinesis at a rate of 25 events/second (same rate as
our video streams). Visibly, Kinesis exhibits a higher IO latency
than Pravega (e.g., 10.7x higher latency at p95) and does not provide
storage tiering. The AI inference latency to generate embeddings
takes around 12-14ms per key frame and inserts to Milvus take 3-
6ms. This latency meets the requirements for streaming workloads.
Again, the video decoding phase dominates latency (30-330ms).

Next, we focus on the batch indexing throughput depending on
the video encoding configuration. Fig. 3(b) compares the indexing
throughput of parallel VMs depending on if video uses h264 encod-
ing (fast configuration) or no encoding (i.e., raw frames). Visibly,
there is an interesting trade-off between indexing throughput and
data storage/network efficiency. With h264 encoding, VMs index
video at a rate of 8.5MBps after decoding (5.5 key frames/second),
which translates to ≈ 1MBps of read throughput (8𝑥 transfer reduc-
tion). On the other hand, an indexing VM with the no_encoding
option achieves an indexing throughput of ≈ 55 key frames/second
thanks to avoiding the decoding overhead, which translates into
85MBps at the IO level. In the 8-VM case, the Pravega instance
is saturated at 400MBps. However, the raw video storage size is
around 200x larger compared to h264 encoded video. StreamSense
lets users to pick the best encoding based on their needs.

4.3 Semantic Video Search Latency
Next, we evaluate the latency of inter/intra video queries in Stream-
Sense. The upper plot in Fig. 3(c) shows the latency of querying
the stream sampling index to find streams (𝑘 = 2, 𝑘 = 5) whose
sampled frames meet a certain similarity threshold (𝑥 = 90%) for
various dataset sizes. Visibly, neither the tested number of streams
to retrieve (𝑘) nor the tested dataset sizes (15GB to 50GB) seem
to have an impact on mean query latency, which is around 30ms.
Most of the inter-video query time is spent on generating the input
image embedding (≈ 19ms), whereas 3 − 4ms are related to Milvus
query and the rest to filtering query results. This is mainly because
the sampling index grows slowly, as the sampling interval is set
to 30 seconds. We have micro-benchmarked (VectorDBBench [19])
our Milvus instance and found that the sampling index exhibits
similarity search latency > 15ms with 0.5 million embeddings. With
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15 videos CATARCT query CHOLEC query LAPARO query
𝑘 = 2, 𝑓 = 50 89.12% 97.13% 99.77%
𝑘 = 5, 𝑓 = 100 83.79% 87.97% 99.77%

45 videos CATARCT query CHOLEC query LAPARO query
𝑘 = 2, 𝑓 = 50 97.00% 98.38% 99.83%
𝑘 = 5, 𝑓 = 100 93.94% 92.82% 99.79%

Table 1: Data transfer reduction of downloading relevant
intra-video query fragments vs transferring full dataset.

the same sampling interval, that would allow us storing 4.2k video
hours before sampling index queries take two digit milliseconds.

The lower plot in Fig. 3(c) shows the intra-query latency per
dataset downloading 𝑓 = 100 video fragments of 𝑡 = 20 seconds
from the top 𝑘 = 5 video streams that meet a 𝑥 = 90% similarity. As
expected, depending on the dataset, > 98% of query time is related
to downloading video fragments from Pravega. This is reasonable
as the amount of data to be downloaded ranges from 6MBs to
160MBs. Still, we observe that increasing query parallelism from 1
to 5 threads reduces intra-video query execution in 32% to 51%.

4.4 Data Transfer Savings in AI Data Loading
In this experiment, we address the problem of data scientists down-
loading relevant video data for training their AI models. In Table 1,
we exercise the preliminary integration our PyTorch data loader
for StreamSense. We allow the data loader to use an embedding
as input —as well as the other intra-video query parameters— and
calling the StreamSense service for downloading similar video frag-
ments. As can be observed, StreamSense allows data scientists to
automatically load relevant data for training their AI models while
achieving a transfer reduction from 83.79% up to 99.83% compared
to bulk transferring the whole dataset, depending on the intra-video
query parameters (𝑘 and 𝑓 ) and the dataset.

5 RELATEDWORK
Event streaming systems are the foundation for a wide range of
big data infrastructures [8, 9, 17, 20]. Systems like Kafka [4, 24],
Pulsar [5], Kinesis [1], and more recently, Red Panda [15] are in-
creasingly popular for managing stream data and serve processing
engines in a variety of scenarios [23]. In this work, we are espe-
cially interested in exploiting the streaming systems for managing
video data. To this end, we identify two key features that are desir-
able: storage tiering and video libraries. On the former, Pulsar [6]
and Red Panda [16] have implemented storage tiering mechanisms
for stream data. Povzner et al. [49] proposed Kora, a cloud-native
streaming platform based on Kafka that provides storage tiering. On
the latter, Amazon Kinesis [1] is one popular example of a streaming
system with advanced libraries for video storage and processing [2].
StreamSense builds upon Pravega, which pioneered the shift from
event streaming to streaming storage [13, 28]. Combined with the
GStreamer connector [10, 14], Pravega is a powerful streaming stor-
age substrate for building video ingestion and processing pipelines.

While there are multiple works focused on system challenges re-
lated to video analytics [26, 27, 41, 48, 53, 61], exploiting streaming
systems for managing and processing video data remains largely
unexplored [50]. Authors in [38] create a prototype of an streaming
image recognition framework on top of Ray and Apache Kafka.

In [54], authors propose a video analytics framework for Edge envi-
ronments that builds upon the concept of virtual function chains for
running computations on video data (i.e., using Kafka and Spark).
Saoudi et al. [51] exploit machine learning techniques to extract key
frames for rapid browsing and efficient video indexing in Apache
Storm. Perhaps, the closest work to the present one is that of Ichi-
nose et al. [34]. In this work, authors propose an evaluation frame-
work based on ingesting videos from multiple cameras via Kafka
and analyzing them using Spark. Compared to prior art, Stream-
Sense exploits tiered data streams for providing seamless semantic
video indexing both in real-time and batch.

A core goal of this work is to allow content-based video search
on data streams [33]. In this regard, Chang et al. [22] designed one
of the first content-based video search engines —namely, VideoQ—
supporting automatic object-based indexing and spatio-temporal
queries. Jian et al. [35] aim at scaling content-based video search by
identifying consistent concepts that can be efficiently indexed via a
modified inverted index. More recently, authors in [44] propose a
new method for transforming concept-based key frame and query
representations into a common semantic embedding space, which
aligns with the spirit of this work. Authors in [43] propose Deep-
Store: an in-storage accelerator architecture for supporting AI/ML
content-based search. Yoon et al. [58] propose a content-based video
retrieval method based on prototypical category approximation.
In a similar context to ours, Surch [39] is a content-based seman-
tic video search system for surgical scenarios. Compared to these
works, StreamSense does not advocate for a specific algorithm cap-
turing video features. Instead, we provide a policy-based solution
that allows users (re)processing video streams based on specialized
embeddings models on top of a streaming storage infrastructure.

6 CONCLUSIONS AND FUTUREWORK
This work presents StreamSense: a policy-driven semantic video
search system for streaming systems. A key insight in the design
of StreamSense is to exploit tiered data streams for management
video data both in real-time and batch. StreamSense allows users to
deploy custom embeddings models via policies and generate multi-
ple indexes per video stream for content-based search. Our system
also builds a two-level indexing layout for scaling inter/intra video
queries. In our experiments on AWS, we observed that StreamSense
exhibits high indexing performance with minimal intervention of
the data scientist. Content-based video queries for surgery datasets
can be executed in < 30ms. Furthermore, StreamSense can be used
for reducing data transfers in +80% from AI training models during
data loading (PyTorch) by importing just relevant videos for training
a specific model at hand. Our future plans include exploiting spe-
cialized libraries for GPU-powered video encoding, exploring the
accuracy of dynamic key frame sampling algorithms, and applying
our system to other use cases (e.g., manufacturing, surveillance).
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