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Abstract
Existing video analysis models often lack explainability, struggle
with long videos, and hallucinate. Commercial solutions are closed-
source and costly. We introduce CReLeRI, an open-source1 system
for action detection in untrimmed videos. CReLeRI integrates seg-
mentation, action detection, argument detection, and grounding
to improve interpretability and reduce hallucinations, enhancing
transparency and trust in AI-driven video analysis. This paper is
accompanied by a demonstration video2.

CCS Concepts
• Computing methodologies → Activity recognition and un-
derstanding; Video segmentation; Visual inspection.
1https://github.com/michaelperez023/creleri-video
2https://youtu.be/XDCue9EYNTU
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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 efficiently. To address this challenge, AI-powered video
analysis systems have been developed to assist human analysts.

However, many existing video analysis models have critical lim-
itations. Many systems [2, 10, 13, 15] function as black boxes, of-
fering minimal transparency in their decision-making process [16].
Users need tools that not only classify actions but also justify pre-
dictions to improve trust and usability. We define explainability as a
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system’s ability to provide human-interpretable evidence behind its
predictions, enabling users to understand why outputs are gener-
ated and assess their validity. Many state-of-the-art vision language
models [2, 10, 13, 15] are optimized for trimmed video clips and
cannot effectively process unstructured, continuous video streams,
limiting their applicability to real-world scenarios. Such models
often hallucinate [8], generating outputs that appear plausible but
are fabricated and are not grounded in the input video.

To address the limitations of existing systems, we developed a
novel image and video analysis tool called Concept-centric Repre-
sentation, Learning, Reasoning, and Interaction (CReLeRI). While
the tool supports both images and videos, this paper focuses on the
video component. The system was designed with explainability at
its core, aiming to provide users with visual justifications for pre-
dicted actions. To achieve this, we overlay segmentation outlines on
the video, highlighting detected actions, associated arguments, and
their physical points of contact. A key innovation of CReLeRI is its
video segmentation pipeline, which partitions untrimmed videos
into manageable clips based on both scene changes and action shifts,
allowing efficient downstream processing. Additionally, to reduce
hallucinations commonly observed in vision-language models, we
integrated a grounding mechanism that verifies spatial consistency
between predicted arguments and their locations in 3D space. This
ensures that recognized actions are not only semantically plausible
but also physically grounded in the visual input.

2 System Design
Before diving into the system architecture, we briefly outline how
users interact with CReLeRI. Users upload videos through the
user interface, receive segmented and labeled outputs, and can
explore detected actions and arguments through interactive vi-
sualizations. This design prioritizes modularity and scalability to
handle untrimmed videos of varying lengths and sources, ensuring
usability in real-world contexts where videos are long and complex.

2.0.1 Architecture. The system consists of modular back-end APIs
for image analysis, video segmentation, action recognition, and
grounding, enabling rapid iteration and integration of new models.
FastAPI handles API requests, while Celery and Redis manage long-
running tasks, queuingmultiple submissions for scalable processing.
The front-end provides interactive visualizations and query controls.
CReLeRI’s deployment on 10 NVIDIA A100 GPUs enables fast and
accurate processing of untrimmed videos: 15-second videos take
10 minutes to process, and 1-minute videos take 30 minutes.

2.1 Video Action Detection Pipeline
The CReLeRI video processing pipeline is designed to efficiently
analyze untrimmed videos, detect action transitions, and provide
explainable visualizations. It consists of three main components:
segmentation, action recognition, and grounding, all integrated
into an interactive web interface.

2.1.1 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. After detecting boundaries, the system refines the results
to ensure that every moment in the video falls within one temporal
segment, so that no portion is left unclassified.

2.1.2 Action Recognition. The D-Fine object detector [14] performs
per-frame object detection in trimmed clips. StrongSort [5] tracks
detected objects across frames, generating actor-specific trajecto-
ries. For each tracked object, the system creates a new video with
bounding boxes overlaid on the actor’s trajectory. These per-actor
videos are then passed to the 72-billion-parameter Instruct VLM
Qwen2.5-VL [15], which generates descriptive captions summariz-
ing the actions of each tracked actor. Next, the 70-billion-parameter
LLM Instruct LLaMA3.1 [1] parses these captions to extract action-
arguments tuples. These tuples are then encoded using the MP-
Net [17] language model, and DBSCAN [6] clustering is applied to
group semantically similar pairs based on their relative distances
in a computed similarity matrix. Finally, the clustering results de-
termine the most probable action-argument tuples.

2.1.3 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]. Results from GroundingDino and Molmo are
merged and filtered. SegmentAnything2 tracks the grounded ob-
jects throughout the video, producing segmentation masks. Depth-
Pro [3] estimates 3D depth on sampled frames, and contact between
arguments is verified by checking for proximity and physical in-
teraction in the 3D space. Only grounded arguments that are in
physical contact are retained, reducing hallucinations by ensuring
spatial plausibility of the predicted actions.

2.1.4 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. The top-left section of the interface features a
conversation area, where users can upload one or more videos and
receive real-time feedback on processing status, either running or
completed. The bottom section displays a timeline of the untrimmed
video, with color-coded segments representing different detected
actions. Clicking on a segment reveals predicted actions and their
arguments below the timeline. Figure 1 shows a close-up of this.
Additionally, clicking a segment plays the corresponding video seg-
ment in the top-right section with superimposed action/arguments
names, segmentation outlines, and contact between arguments
highlighted in yellow for visual reference and explainability. Figure
2 shows a close-up of the media viewer.

3 Live Interactive Demo
During the live demonstration, users will interact with CReLeRI by
uploading videos for real-time analysis. For example, a user might
upload an instructional video, like a cooking tutorial, to automati-
cally segment the video into meaningful steps. They would examine



CReLeRI: Explainable Video Analysis System MM ’25, October 27–31, 2025, Dublin, Ireland

Figure 1: Concept Visualization. CReLeRI partitions
untrimmed videos into segments using scene and action
shift detection. This timeline color-codes segments, each
labeled with predicted actions and arguments, to help users
interpret long video streams.

Figure 2: Media Viewer. CReLeRI overlays segmentation
masks, argument labels, and contact highlights on detected
actions. This visualization enhances interpretability by
grounding predictions spatially and highlighting physical
interactions.

the timeline showing these segmented clips, each labeled with pre-
dicted actions and associated arguments, and explore the media
viewer to confirm the detected steps and physical interactions. By
verifying action sequences and grounding them to specific points
in the video, the user can extract a step-by-step summary of the
instructional content, making it easier to follow complex proce-
dures. A pre-recorded demonstration is also available for users to
understand the working system.
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