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Abstract
Existing video analysis models often lack explainability, perform
poorly on long videos, and frequently hallucinate. Commercial
solutions are closed-source and costly. We introduce CReLeRI, an
open-source1 system for action detection in untrimmed videos.
CReLeRI segments videos using scene and action transitions, detects
actions and their arguments and grounds them in 3D space to
improve interpretability and reduce hallucinations. The system
promotes transparency and trust in AI-driven analysis of complex,
real-world videos. A demonstration video is also available2.

CCS Concepts
• Computing methodologies → Activity recognition and un-
derstanding; Video segmentation; • Human-centered com-
puting → User interface design; Web-based interaction.

Keywords
Multimedia Interaction, Video Action Detection, Object Detection,
Interpretability, Grounding, Vision-Language Models, Large Lan-
guage Models, Human-Centered Computing

1https://github.com/michaelperez023/creleri-video
2https://youtu.be/XDCue9EYNTU

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
MM ’25, Dublin, Ireland
© 2025 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2035-2/2025/10
https://doi.org/10.1145/3746027.3754479

ACM Reference Format:
Michael Francis Perez, Yichi Yang, Yuheng Zha, Enze Ma, Danish Tam-
boli, Haodi Ma, Reza Shahriari, Vyom Pathak, Dzmitry Kasinets, Rohith
Venkatakrishnan, Daisy (Zhe) Wang, Jaime Ruiz, Eric D. Ragan, Zhiting Hu,
Eric Xing, and Jun-Yan Zhu. 2025. CReLeRI: Explainable, Concept-centric,
Representation, Learning, Reasoning, and Interaction Video Analysis Sys-
tem. In Proceedings of the 33rd ACM International Conference on Multimedia
(MM ’25), October 27–31, 2025, Dublin, Ireland. ACM, New York, NY, USA,
3 pages. https://doi.org/10.1145/3746027.3754479

1 Introduction
The rapid growth of video content in recent years has made man-
ual analysis unfeasible. Vast amounts of data, including satellite
imagery [9], medical imaging [7], and social media [18], must be
processed using scalable, automated tools. To address this challenge,
AI-powered video analysis systems have been developed to assist
human analysts.

However, many existing video analysis models have critical
limitations. These systems [2, 10, 13, 15] often function as black
boxes, offering minimal transparency in their decision-making pro-
cess [16]. To improve trust and usability, systems must not only
classify actions but also explain their predictions through human-
interpretable evidence. Many state-of-the-art vision language mod-
els [2, 10, 13, 15] are optimized for trimmed video clips and cannot
process unstructured, continuous video streams, limiting their appli-
cability to real-world scenarios. Such models often hallucinate [8],
producing plausible but fabricated outputs not grounded in the
input video.

To overcome these limitations, we present Concept-centric Rep-
resentation, Learning, Reasoning, and Interaction (CReLeRI), a sys-
tem designed for explainable video analysis. The tool highlights
detected actions, their associated arguments, and points of physical
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interaction using segmentation overlays. A key innovation is the
video segmentation pipeline, which partitions untrimmed video
into manageable clips based on both scene changes and action shifts.
To mitigate hallucinations, CReLeRI includes a grounding mecha-
nism that ensures spatial consistency between predicted arguments
and their physical locations in 3D space, enhancing plausibility and
supporting explainability.

2 System Design
Before describing the system architecture, we briefly outline how
users interact with CReLeRI. Users upload videos and explore action
segments and arguments through interactive visualizations. The
system is scalable and modular, supporting diverse untrimmed
videos and future research.

2.1 Architecture
The system consists of modular back-end APIs for video segmen-
tation, action recognition, and grounding, enabling rapid itera-
tion and integration of new models. FastAPI handles API requests,
while Celery and Redis manage long-running tasks, queuing multi-
ple submissions for asynchronous processing. The front-end pro-
vides interactive visualizations and query controls. Deployed on 10
NVIDIA A100 GPUs, CReLeRI enables high-throughput processing
of untrimmed videos: a 15-second video takes 10 minutes to analyze,
and a 1-minute video takes 30 minutes.

2.2 Video Action Detection Pipeline
The CReLeRI video processing pipeline analyzes untrimmed videos
by detecting transitions, recognizing actions, and grounding them
in 3D space. It includes three main components: segmentation,
recognition, and grounding, integrated into an interactive interface.

2.2.1 Video Segmentation. To analyze untrimmed videos, CReLeRI
first identifies action boundaries by detecting two types of tran-
sitions. Scene changes, abrupt transitions between different cam-
era shots, are detected using a simple frame difference threshold-
ing method. Action shifts, transitions within a single camera shot,
are detected using a pre-trained temporal action detection model,
AdaTAD [12]. We fine-tuned this model on an untrimmed dataset
that was created by stitching together trimmed videos from 100
classes. The system then integrates both transition types by parti-
tioning the video based on scene changes, then further subdividing
each scene using high-confidence action proposals that satisfy a
minimum duration constraint. This refinement ensures complete
coverage of the video timeline while preserving semantically mean-
ingful boundaries.

2.2.2 Action Recognition. The D-Fine object detector [14] performs
object detection on each frame of trimmed clips. StrongSort [5]
tracks detected objects across frames, generating actor-specific
trajectories. For each tracked object, the system creates a new
video with bounding boxes overlaid on the actor’s trajectory. These
per-actor videos are passed to the 72-billion-parameter Instruct
VLM Qwen2.5-VL [15], which generates captions summarizing
the actions of each tracked actor. Next, the 70-billion-parameter
LLM Instruct LLaMA3.1 [1] parses these captions to extract action-
argument tuples using an instruction-tuned prompt designed to

produce structured outputs. The tuples are encoded using the MP-
Net [17] language model, and DBSCAN [6] clustering is applied to
group semantically similar pairs and select representative action-
argument tuples.

2.2.3 Grounding. The grounding component enhances explain-
ability by linking detected actions and objects with their physical
locations in the video, ensuring 3D spatial consistency. To locate
arguments in a video, this component first detects candidate objects
using GroundingDino [11], which produces bounding boxes for
textual labels. In parallel, Molmo [4] generates point-based annota-
tions for arguments guided by natural language prompts created by
Qwen2.5-VL [15]. The results from GroundingDino and Molmo are
merged and filtered. SegmentAnything2 tracks grounded objects
throughout the video, producing segmentation masks. DepthPro [3]
estimates 3D depth in sampled frames, and contact between argu-
ments is verified by checking proximity and physical interaction in
the 3D space. Only grounded arguments that are in physical contact
are retained.

Figure 1: Media Viewer. CReLeRI overlays segmentation
masks, actions, arguments, and contact highlights on videos.
This visualization enhances interpretability by grounding
predictions and highlighting physical interactions.

2.2.4 Web User Interface. The user interface is a web application
built with Flask for the server side and HTML, CSS, and JavaScript
for the front-end. It features a conversation area for uploading
one or more videos and tracking processing status, a color-coded
timeline of action and scene segments, and a media viewer that
visualizes actions and interactions. See the media viewer in Figure 1.

3 Live Interactive Demo
During the live demonstration, users will interact with CReLeRI
by uploading videos for analysis. For example, a user might upload
an instructional video, such as a cooking tutorial, to automatically
segment it into steps. They would examine the timeline showing
these segmented clips, each labeled with predicted actions and
associated arguments. The media viewer will allow users to verify
steps and interactions. By verifying action sequences and grounding
them to points in the video, the user can extract a step-by-step
summary of the instructional content, making it easier to follow
complex procedures. A pre-recorded demonstration is also available
to help users understand the system.
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