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‘ Video Analytics

Video Analytics is the process of using algorithms to automatically extract and
understand information from video, and generate useful insights.
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Video Analytics with Artificial Intelligence

Evolution of Al Models for Video Analytics
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‘ Intelligence Level of Video Analytics

e Definition
Extract structured atomic facts from each video frame

e Input — Output
Frame — Objects (class + bbox + ID + timestamp)

e Examples e Carm
; e Person f}
Scene: Street camera

o
© Limitations
Only answers “what is visible” in pixels, not “what is happening”

2019-2022
Transformer

2012-2018
CNN

2023-now 3
Foundation model



‘ Intelligence Level of Video Analytics

e Definition
Recognize motion events across frames

Level 2 e Input — Output

Event Frame * N — Events (type + time + actors)
Detection

, : e Examples e Speeding =0
=7 . e Crowd anomaly £
i Scene: Traffic camera d

st o
=) ‘
il

/

© Limitations
Events and pipelines are pre-defined and manually configured

A4

2012-2018 2019-2022
CNN Transformer

2023-now 4
Foundation model



‘ Intelligence Level of Video Analytics

e Definition
Search and answer videos with free-form natural language

Level 3 e Input — Output

Lagg:fyge Video + Text query — Text answer / Video clip

e e Examples | o Deer §3) @02:14 — 02:36

Animal
Scene: Wildlife video e Animals & (3 ¥

o ...
© Limitations
Generalizes detection but lacks reasoning capability

\4

2019-2022
Transformer

2012-2018
CNN

2023-now 5
Foundation model



‘ Intelligence Level of Video Analytics

e Definition
Answer any open-ended question through reasoning

Level 4

Open- e Input — Output

ended Video + Open question — Multi-step reasoning

Reasoning
e Examples e "Which car is at fault?" —
: . _ & Red car ran red light
Scene: Traffic accident
© sStatus

(O Emerging — VLM demonstrate strong visual capabilities

2023-now 5
Foundation model

2019-2022
Transformer

2012-2018
CNN



‘ Intelligence Level of Video Analytics

e Definition
Combine video/external knowledge/tools for e2e workflow

Level 5
Knowledge-
augmented e Input — Output
Analytics Video + Goal + Agent — Action/Report
e Examples * Document with cited laws, relevant
Issue an accident precedents, fault determination, and
WY liability report. settlement recommendation.

© Research stage

@ Early exploration on text-only agent - OpenClaw, Harmes

2019-2022
Transformer

2012-2018
CNN

2023-now 2
Foundation model



‘ Video Analytics with Different Intelligence Levels

Past Work AVA Future Work

Level 5
Level 4 Knowledge-

Open-ended augmeqted
Reasoning Analytics

Level 2 Level 3
Event Language
Detection Query

- | __"‘ of
= o
Speed: 64MPH  /~

+Speed: 75 MPH

[ Which car is at fault for the accident?]

[ What animals appear in the video? ]

/

2012-2018 2019-2022 2023-now
CNN Transformer Foundation model



Challenge 1. Struggle to Handle Open-ended Tasks

Video evidence distributes differently across question types.

Input Video (10 min) 02:30 05:00 07:30 10:00
A V= g Pas e : : e & S g -‘".".‘:g s gy '3 S 4 =
== ; 4 3 3 e W - . L . . -

Normal driving Highway driving Accident happens People get out Emergency response Tow truck arrives
(04:10 - 04:20) of cars
4 N\
® Key info-centric Direct evidence 0000 ry 1000
) The video evidence is
Q When did the strongly correlated with
accident happen? the query semantics.
4 N\
® Summary Distributed info 0000 1000
, ' Understanding requires ! ! | i | i
U g || e | el
talking about? across the whole video . | i
. J
( N
® Rea soning Mu|t|-h0p 00:00 i NP . 1000
The answer requires e prfie a0
Q When cause the reasoning across multi- o= N H
chain of accident? steps
. J

. Others Com pIeX 00:00 . . 10:0?




Observation 1. Pipelines Run Once. Agents lterate.

Iteratively plan, retrieve, reason — agents close what pipelines leave open.

P QL IMIRIN - One-pass - Fixed - No Retry
5-8-®-©

Input Retrieve Once Process Answer
(Question / Task) (Fixed Strategy) (Model) (One-shot)

Same Question / Task
Q: Why did the project delay?

Retrieved Context (Fixed)

2ER-E

(No visibility beyond top-k)

n Retrieve top-k documents once

e Feed into model with fixed prompt

o Generate answer (no further search)

May miss key evidence
x No look-back or refinement
Vague or unverifiable answer

Agentic search on web searching

Search Instruction:
When you encounter unfamiliar knowledge,

you can perform web searches to help you ...

Original Question:
Step1:... Step2: ... Step 3: ...
Question: carbon atoms count of Product 3

{

- Large Reasoning
Start thinking. E:;] Model (e.g. o1)
Step n *
ﬁ:la;ﬁrlli;c;ro Structure of trans-
P Cinnamaldehyde
on-demand.
Step n+1 * iterable O
_Get con.cise Trans-Cinnamaldehyde
|nformat|9n has the structure
and continue C¢HsCH=CHCHO. (V)
coherent
reasoning. Step n+2 *
Final Step *
Provide final Product 3 contains 11
answer. carbon atoms. (v')

A

<4

reasoning chain.

.

Domains:
&5 Physics
Chemistry
%) Biology
N[ Math
Code

() ODQA

Retrieved
Documents

}
38

Reason-in-
Documents

Integrate helpful
information into

the previous
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‘ Challenge 2 . Overhead to Handle Ultra-long Videos

When videos duration grow, tokens and computation complexity explodes

/A Tokens A\ /\ Limited Context Window
Complexity
o Model Context Window (tokens) Release Date
g @ GPT-40 I May 2024
2 5 Gemini1.5Pro May 2024
»n <
= ] {5 Gemini 1.5 Flash May 2024
)
% 8 A\ Claude 3.5 Sonnet Jun 2024
b= § A\ Claude 3 Opus Mar 2024
Context Window & 0Q Llama 3.2 Vision (90B) Sep 2024
_____________ 1.5 % Qwen2-VL (72B) Aug 2024
, : : : €2 InternVL 2.5 (78B) Jan 2025
Seconds Minutes  Hours Days  Unlimited bl Doubao 1.5 Vision Pro May 2024
Video Duration [# Mistral Large 2 Jul 2024
@ Example
. 1fps sample GPT
1 Hour Video > 3600 Frames » ~600k tokens >> 128k

& GPT4-o $2.5/ M tokens
& GPT5.5 $5/Mtokens



‘ Observation 2. Useful information is sparse

Despite the token explosion, for most query, < 1% of frames hold answer.

QwenVL-2 on Video-MME

Step 1: Start 100 frames

L e e Video Length Needed Frame Ratio (%) Needed / Total
I ‘ l @ sufficient (Correc t) Sh 0-5%
€ Insufficient (Incorrec t) ort
Step 2.1: Try 50 frames Step 2.2: Try 50 frames s . 1 2.1 / 2144.8
s Lt (1.4 minutes) ) ! ! ! !
S = Kozt 0% 25% 50% 75% 100%
> i~ - b
: 0.4%
o Medium ; 68.1/13924.
0 Correct? - . . O Correct? (9.7 minutes) ‘ I l I I ° / .
0% 25% 50% 75% 100%
Long 0.1%
: 82.3 /668471
(39.7 minutes) l | | | | /
o, O, o, o) o,
Minimum is between 12 and 25 Minimum is between 13 and 18 Minimum is between 63 and 75 0% 25% 50% 75% 100%
Introduction Preparing ingredients Cooking Plating & ending
(00:00 - 02:30) (02:30 - 07:45) (07:45 - 25:10) (25:10 - 32:00)

TITITITIIITITIILY

Q: At what time does the chef
add the bay leaves into the pot?
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Our System Design

Video Streams Uniform Chenk Desc, Chunking Semantic Event Desc.

g | . . |

= o -

g =) Extnedm and | = = _.. |

i Linking Event Knowledge Graph

e B Entity-Entity Temp.

% EventDesc. () EntityDesc. +—= Relationship Relationship
.. ‘ *. -~ Entity-Event Relationship Near-Real-Time Index Construction

o ol e,

88— Agentic Action Space

CBA — °h-mu-mdcnumndu

h 4
Link 1o Events
Revieves Everes

" [‘“", o Hebeva e previows ever! on indes

‘ Tri-View Retrieval
Agentic Retrieval and Generation

o Fe-guary with new sey words

$A  Surwnary and arsaesr
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‘ Our System Design

— L[] L. s - Jl->{ Somentc > NN T

Video Streams Uniform BsfMering Smal VLM Uniform Chenk Desc, Chunidng J Semantic Event Desc

Q 3 | |
000 mfm.... [sF FaN |
O W Linking Event Knowledge Graph

‘O . , OO Q l_l Event Desc. O Entity Desc. =« = el Lo

Relationship Relationship
e E + _“-*@® Entity-Event Relationship Near-Real-Time Index Construction

" EKG with Entities

How to construct an Index Structure:
« Represents video information
« Captures complex intra-video relationships

14



Our System Design - Index Construction

Event Knowledge Graph

00:04:10

00:18:28

The environment is a grassy
area with several feeding
stations, including metal
bowls and a hanging feeder,
and a small wooden structure,
with dense greenery in the

background.

Sos-
Lo 20

01:29:57

09:59:10
... The rodent-like mammal, ... a small bird, likely a
possibly a mouse or a songbird, perched on the
racoon, is also consistently ground near one of the
observed in the grassy bowls, moving around the
outdoor area, moving bowl and pecking at the
around, and ly - ' ground. After a few moments,
stopping to eat .. e during avening, & group of the birﬁflies away... ‘
,.‘ X racoon are captured, 7 e :
v\ “. |identifiable by their distinctive 5
[N black and white striped tails \
5 : i anq masked faces. A Iargeb K K
7S : ‘. |anim¥l likely a deer, is ¢ ' %
7 : \ mfvmi Yoser.. +° ; N L
::,L _____ 1 _—“:— \ \>:: -7 ! \
N

11:21:23

y

... A small animal, possibly a
squirrel or a similar rodent, is
seen near the bird feeder,
moving around the area and
foraging and exploring the

surroundings ...

@ Videos are not frame sequences

@ Videos are graphs of events

Q: Why did the squirrel leave the feeder around 11:21?

Frame Sequence
(uniform sampling)

« Only 5 sampled frames
* No temporal order
* No causal reasoning

X Cannot infer cause

Plain KG
(entity only)

Squirrel—— Feeder

Squirrel— Grass

« Entities connected
* No when / no why

X No when / why

Event KG (Ours)
(events + relations)

09:59 Deer approaches

10:30 Squirrel alerts

11:21  Squirrel flees

v Causal chain recovered

n Visual content

o) Q: “What color is the bird?”

Plain KG: v

m Event KG: v/

9 Casual

Q: "Why did the squirrel leave?”
Plain KG: x
Event KG: v

o Multi-hop

Q: " Did the deer's arrival cause the squirrel to leave?”

Plain KG: x
Event KG: v

15




‘ Our System Design - Index Construction

Video stream (@@ & 4.0 &F wi' o oF oF & o o o' o' o & 7L ...
- Timeline
Step-1 Fixed- Window1 Window2 Window3  Window 4 g
. . . INAow INaow INAoOw INAow
window Captioning )\ )L )\ )
Y Y Y Y o .0
wlle QwenVL-2.5 7B
Desc 1 Desc 2 Desc 3 Desc 4 - Batch-inference
Car drives on the Car changes lane Car exits the Car continues on
highway ... highway ...
BERT-S 1, W2) = 0.83 - Event 0
Desc 1 Desc 2 core(W1, W2) \/ merge (Windows 1-2)
Step2 Se.mantlc Desc 2 Desc 3 BERT-ScoreW2,W3) =041 | %¢ gplit — Event 1
Merging (Window 5) BERT-Score
Desc 3 Desc 4 BERT-ScoreW3,W4)=0.38 | %¢ split — (Vﬁﬁzgﬁvﬂ)
Event 0 Event 1 Event 2
Step.3 Relation (Windows 1-2) (Window 3) (Window 4) . .7 Event-Event : Temporal
BUIIdlng i — Entity - Entity Co-reference
Entity Entity Entity Entity Entity T TR PR :
A B A C D




Our System Design

How to Retrieve Sufficient Information:

« Retrieves complementary evidence
 Verify answer reliability

S __,&_ v = ,' Thoughts Final

Y — [~ e Consistency - Answer
Query ts Emtities Frames -~ 3 - -
. oo i g L A Agentic Action Space

' E r RA — o Mebreve the nead wverd on inchax
Link 1o Events
Aot s Event - : 5A o Hebieva e previows sver! on indes
Tri-View Retrieval | Agentic Searching O Fe-cuary wah rew ey wents

Agentic Retrieval and Generation

$A  Surmary and arsasr
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‘ Our System Design — Agentic Retrieval and Generation

Find details about
the upcoming city
marathon.

N

N
A

Events
Knowledge base

N~

N
A

Entities

Event

*

==

B

Elite Runner List:
Comprehensive list of
invited athletes.

Sponsor Reveal:
Marathon officially
announces primary title.
Race Set-up:
Construction of the race.

Knowledge base

b4

Event

N~

<
—

Frames

Spectator Crowd:

Large gathering of fans
along the race route.
Sponsors:

Organizations supporting
the marathon.

Key Locations:

Start line, finish line

Knowledge base

Event

[

N~

Running Groups:

Small groups break away
from main pack.
Spectator Activity:
Cheering crowds at key
points of the course.
Race Infrastructure:
Start/finish arch, banners

Textual modality emphasizes
fine-grained Information

Similarity score (higher is better)

0.92 g 0.76

0.7

o}
]
o
>
N

0.41

0.27

0.24

0.31

0.25

0.19

0.41

0.25

0.18

0.18

0.08

0.1

0.12

0.09

0.07

0.16

0.10

0.06

Visual modality provides
comprehensive global information

Re-
Ranking




‘ Our System Design — Agentic Retrieval and Generation

. Tree Search .
Agent explores the video by expanding actions at each step.

How Humans Watch a Video

O® D> K Q

Recap / Summarize Rewind Re-search
After watching, Skip ahead, Go back, Not clear?
summarize and recall = see what happens check the details Search again

ACtiOﬂ Space 4 atomic operations the agent can take at each node

Summary e @

and Answer Foward Backward Re-query : : : : Depth n
Summarize Retrieve the Retrieve the Generate a sub-
information and | | following event Preceding event | | queries based on _gntl_y
generate answer | | in the timeline in the timeline existing info &6 The number Of SA nodes is —

19



‘ Our System Design — Agentic Retrieval and Generation

X Majority Vote v Thought Consistency (ours) @
: : o : Lo S8
« Most nodes are noisy retrievals. 2  Score by reasoning agreement, not headcount. 2
 The few information-rich SA nodes lose. ’ « Minority but coherent — wins.

When k thoughts agree — evidence is enough
@ G ° @ © ___2 BERTS
Scor = k= 1) core(COT; , COT;)

1<i<j<k

e . _ t
SA G ° @ i Thought: [COT] S(t) _ | {l | a; = a( )}l
Choice: [Answer] A n

......................

(V) (t) Q)
@ @ @ Sfmal S (1 }L) SCOT
el A
-
20




‘ Evaluation

3 Benchmarks x 11 Baselines - Duration from 40 min — 10 hours (15x)
@ BENCHMARKS BASELINES

VideoMME-Long piccv2s @ VLM (single-pass)
[ 300 videos - 900 QAs « GPT4-0
© ~ 40 min / video « Gemini-1.5-Pro
° .
1x . QwenVL-2.5-7B

Sample strategy
 Uniform Sampling

 Top-K retrieval

 InternVL-2.5-8B .
LVBench [CVPR'25] e Phi-4-Multimodal (vectorizec)
= 102 videos - 1549 QAs . LLaVA-Video
® ~ 68 min / video
- 1.7 %

Q Video-RAG (Retrieval-Augmented / Agentic)

i . VideoTree [CVPR’ 25]
* AVA 100  VideoAgent [ECCV' 24]
!J & 8 videos - 120 QAs . DrVideo [CVPR’ 25]
. VCA [ICCV' 25]

® ~ 10 hours / video

21



- Evaluation

Our benchmark for hours-long, real-world video analytics

8 ~10 h 4

Duration Scenarios

Videos

@ Human Daily Activities Q: What event follows putting

oil on the surface?
v A. Spreading oil in pan
B. Wash hands

C. Toasting bread
D. Placing plates

Q: Which animals appear in the
video?
v A. Bird, Raccoon, Deer
B. Cat, Dog, Squirrel
C. Fox, Rabbit, Bear
D. Fox, Deer

@ Traffic Monitoring

Q: Where does the person enter
at the end?

A. Flower shop
v B. Creperie

C. Bookstore

D. KFC

Q: How many cars run the red
light?

A.0

B.
v C.
D.

whnN =

22



‘ Evaluation — Overall Performance

AVA consistently outperforms strong baselines

Ve AEEl + 52% 1T LVBench + 16.9% 1
~ 40min ~ 68min

vs. best baseline vs. best baseline

AVA-100
~ 10h

+ 20.7% 1T

vs. best baseline

AVA's Lead Grows with
Video length

75 A Accuracy vs Best Baseline (%)
60 60
25 r
55 > 55 70
> 65
50 3 . § : 50 6 20.7
45 5. B2 it 45 55 20
| e, B 50 . m
§4O '_§_ g B § §4O .§ ; g §"45 E > v 5
735 = 2§ 735 54 |80 B oy Z = 2 = 2 15 k-
8 < % E 8 kel = 40 % 22 %
530 5 B 530 ~ 3 z E 2 2 235 5 § & é 5
<25 g <25 i e £ £ g 5 <30 : s § é
20 20 g g ° g é 25 g Y 10 | Duration
15 15 <5 . 20 15x 1
§ g 15
10 10 g 10 L Lead 4x T
5 5 5 5.2
0
0 AVA  Video-RAG  Vectorized-Retrieval ~ Uniform-Sampling 0 AVA Video-RAG  Vectorized-Retrieval Uniform-Sampling AVA Vectorized-Retrieval Uniform- Samphng 0 1 1 !
/ \ Y J / \ Y J \ ) ~40 min ~68 min ~10h
. . (1x) (1.7%) (15%)
Baseline 1: . Baseline 1: , ) T
Baseline 2: VLM Baseline 2: VLM Baseline 2: VLM

Video-RAG Video-RAG

_» The longer the video, the larger AVA'’s lead.
1 | +52% T — +16.9% T — + 20.7% 1

~40min (1x) ~68min (1.7x) ~10h (15x)

Across 3 long-video benchmarks,
AVA sets a new state-of-the-art and
the advantage scales with video
length.

23



- Evaluation - Task Specific Performance

| AVA wins on every task — biggest gain on Reasoning.

Source: LVBench (6 task types)

100
+40.2 16 19.2
o 79.8 +21. +12.
X 80 Largest 71.0
. 69.5 .
> gain +18.8
—~ 59.5
© 60 51.8
= 47.9 44.4 :
8 +6.1 43.6 39.3 40.3 N 41.1 43.1
< 40 . +5.1
. 26.7 534
20 17.3
0
TG SU RE ER EU KIR
Temporal Summary . Entity Event Key Info
Grounding Reasoning Recognition Understanding Retrieval
l AVA B Top-K Retrieval (Vectorized) Uniform Sampling

a Reasoning (RE) sees the largest gain - +40.2 vs the best baseline - L4 core ability

24



‘ Evaluation - Configurations

AVA with different configurations.

Bl AvAQwen2.5-32B + Gemini-1.5-pro) Bl AVA(Qwen2.5-32B + Qwen2.5-VL-

Bl AVA(Qwen2.5-14B + Gemini-1.5-pro) [ AVA(Qwen2.5-148B) Qwen2.5-VL-7B) 0 AVA(Qwen2.5-32B)
B8 Gemini-1.5-pro-Vectorized Retrieval [, Qwen2.5-VL-7B-Vectorized Retrieval AVA(Qwen2.5-14B)
Gemini-1.5-pro-Uniform Sampling Qwen2.5-VL-7B-Uniform Sampling
4 Gemini {7 Qwen Text-only
80
~ 70
S 60
a’ 50
S 40
o
g 30
< 20
; i i i
0 - | -
LVBench VideoMME-Long AVA-100

*

AVA configurations are emphasized across all benchmark groups.
AVA with only text (highlighted in yellow) can also outperform many baselines.
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‘ Evaluation - Overhead

Index runs in real-time. Inference is LLM-bound.

Index Construction Time

Processing FPS

8
6.8
6 5.6
5.2
4.8 4.8 5.0
4.4
4 36
2.9
2.5 .

‘ P Real-time

2 Threshold
(2 FPS)

0

A100 A100 L40S L40S A6000 A6000 RTX4090 RTX4090 RTX3090 RTX3090
x2 x1 x2 x1 x2 x1 x2 x1 x2 x1

Search & Generation Time

Stage Model Latency (s) Share
Tri-View JinaCLIP .
Retrieval Iina I 0.44s <1%
Agentic Qwen2.5-14B _ 1015 s 46%

Searching

Consistency
Enhanced
Generation

Qwen2.5-VL-7B - 458 s 21%

Gemini-1.5-Pro . 142 s 7%

0 50 100 150 200 (seconds)

Index: real-time on every GPU

All GPU configurations achieve > 2 FPS, keeping
construction in real time.

Inference: agentic loop is the bottleneck.

Agentic searching takes ~80% of total latency.
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‘ Conclusion & Future Direction

AVA pushes video analytics toward L4 - L5.

0 Conclusion

“ AVA: the first L4 video analytics Scale: AVA-100 is Scale AVA-100: more
system powered by VLMs still limited in size videos, domains, and
richer task types
AVA-100: a 10-hour benchmark Overhead: agentic Learned action policy:
for real-world video analytics rollout expands all train to decide the next
nodes action at each step
o) : :
9 + 20.8 /0 QA Acc. VLM weakness Expert models: call
. some visual skills specialized visual experts
over the best baselines remain unr.eliable, and move toward L5
e.g., counting analytics

4+ Keep moving towards L5 Video Analytics 4+

26
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