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« Technological development: from basic singular capabilities to multimodal comprehensive abilities
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% Fs&& s s « Animal-related tasks are challenging due to
)
) R species diversity and environmental complexity,
B human ®animal =0 j€C . . . .
The data quantity for different agents in each task of MVBench with low data Ieakage rISk, maklng them ideal
for testing model robustness.
Benchmarks e Pr(')perties - Tasks . . . . .
| O | SR — , « Animal-centric evaluation research is vital for
I [.“] i e 5 Human i 0Ol JeCt, actlon..atm ute, po.sm(.)n, count, time, . . .
o i R i ressoning,summaization, i monitoring ecosystem health and supporting
Video-Bench [11] Multi-Choice QA | 15,033 QAs | Human & Object Hotion; olijeck attribut:c. i, eount gk, . - - . - . S
_ reasoningew | timely interventions, which is of significant
MVBench (3] Multi-Choice QA | 4000 QAs | Human & Object action, object, position, count, scefrfe. pose, attribute, . . . .
character and cognition importance for wildlife conservation.
Animal Kingdom [37] Classification N/A Animal object, action, time
MammalNet [38] Classification N/A Animal object, action

Comparison Table of Existing Video Understanding Evaluation Benchmarks
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Previous: limited agent & simplified and unrealistic scenarios
Animal-Bench: various animal agent & scenarios & tasks

Previous Benchmarks it f Ax‘} ,K

( %ﬁ% M m Animal-Bench

Limited Agent Various Animal Agent
B MVHench gy: * Model optimization
— Agent == « Animal conservation
mainly Humans & Objects
= Object
J ONLY 1% animal data
» 13 Tasks

Simplified and Unrealistic Scenarios

» 7 Categories, 819

Editing-based

benchmarks are > < = = S -
. ; Original Show Frost Distance Direction
UNREALISTIC N Species
and have limitations in Various Tasks .
PRACTICAL Common Tasks Special Tasks ® 4 SenarIOS
applications Object » A:{tion . Time Count Reasoning PrePt:::Jl'— Social Breeding | Stressand i
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Animal-Bench Tasks and Data Composition
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Animal-Centric Tasks System

Common Tasks

Object

Object
Existence
Object
Recognition

Is there a macropus in this video?
(A) not sure

(C) no

What is the animal that appears in the
video?
\) goat
(B) turret spider
(C) snail
(D) raffles banded langur

Action
Action
Recognition

Action
Sequence

Action
Prediction

What is the action performed by the
animal in the video?

(A) Doing A Back Kick

(B) Grooming

C) Swimmung

(D) Sensing

What was the animal doing before it
started eating?
(A) Lying on its side
(B) Spitting Venom
C) Raising its neck

(D) Swimming

What will the animal do next after the
animal is exiting its nest?

(A) Doing A Side Tilt

(B) Walking

(C) Climbing

D) Flying

Localization ¥ 381 ‘

During which part of the video does

the action ﬂymg occur? Total time:
(A) At the end of the video 0.0:12.7

(B) In the m.lddle of the video | Srounding:

9.6:12.7

(C) Throughout the entire video
(D) At the beginning of the video

N
How many times does the cat turn head ?
Action ; Ao
Count ®1
& ©)3
(D)2
How many antelope does a leopard
X attack?
Object 2 (A) four
Count - (B) five
(C) three
ks (D) twe '
{ A
Reasoning
Why does the dog keep jumping?
v 1. B L (A) getting fed
Abductive (B) try to bite the chair
Reasoning (C) playing with man
o - (D) to fight with cat
(E) begging for food
N
.
Special Tasks
( . . . o
Predator- Is the animal in this video being
ealen"
Prey
Behavior (B) N
Monitoring (C) not sure
Is the animal in this video having
Social urine signing behavior?
Interaction (A) not sure
Analysis (B) no
(C ves
Is the animal in this video laying
Breeding eggs?
Behavior (A) ye
Monitoring (B) not sure
(C)no
. Is the animal in this video feeling
Stress and sick?
Pain L,- 33 \oe (A) not sure
Detection 9% 4 S RN (B)yes
(C)no

Note: The usine signing behavior is believed to be a socialized behavior used by animals to mark their territory. [67)

Animal-Bench Task Examples

Common tasks shared with
human video benchmarks, such as
object detection, action
recognition, counting, and
reasoning

Specific tasks related to wildlife
conservation

Animal-Bench: Benchmarking Multimodal Video Models for Animal-centric Video Understanding
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Animal-Centric Data Processing Pipeline

« Data Filtering: ensuring data diversity and temporal sensitivity

(

Various Data

=)

/

Data Filtering

Data Diversity: Animal-centric data

from TGIF-QA, MSRVTT-QA, NExT-QA,
MammalNet, Animal Kingdom and LoTE-
animal

Temporal Sensitivity:

Using the Animal Kingdom dataset for
time annotations:

Video duration limited to 3-35 seconds for
time-related tasks

.

-

* QA Pair Generation: ensuring moderate difficulty of questions and options

Question-Answer Pair Generation

Automated Question Generation:

@ Use ChatGPT to generate 1-3 types

of questions and randomly assign

Task-Based Option Design:
8 Random selected
0 Using Tips: Ensure answer neither
simple nor difficult

Evaluation Results

C

Automated Data Filtering and QA Generation Pipeline

Animal-Bench: Benchmarking Multimodal Video Models for Animal-centric Video Understanding



Realistic Simulation based on Video Editing

» Weather conditions, including snowy and frosty

» Shooting parameters, including shooting distance and shooting direction

Z’I’ ~N(/1 6f)

(" Guided Frame N ( Frame Blending )

NS——— ( Diffusion Model Selection 1
Encoder ._.I . Decoder W
& AN m»mw

\fg =arg minfimax(?(fi))j k j

Simulation process for shooting parameters
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Effectiveness evaluation results

Multimodal Video Model
T Random mPLUG Video Video Video Valley Chat Video Video .
95% confidence interval | -OWwl Chat -ChatGPT -LLaMA -UniVi [65] -LLaVA Chat2

OE 3332+ 046 42.20 49.40 44.65 49.20 41.70 44.65 45.90 50.00 45.96
OR 2496 +0.19 33.62 51.61 24.31 60.23 25.06 43.25 40.55 86.75 45.67 d Rece ntly re I eaSEd
AR 2526+ 0.17 27.00 32.54 24.28 35.34 24.56 32.98 31.71 66.27 34.34 models I Ike V|d€0Chat2
AS 26:12£123 25.86 32.76 22.41 29.74 27.16 33.19 25.86 54.31 31.41 SurpaSS previous
AP 24.16 + 1.31 25.48 27.88 24.52 29.81 28.37 27.88 28.37 50.00 30.29 .
AL 25.49 + 0.39 24.49 23.25 21.22 24.67 2545 24.14 24.32 21.22 23.60 methOdS In mOSt taSkS
ocC 2517+ 1.18 24.14 27.59 24.71 26.44 25.29 31.61 31.03 64.94 31.97 ° EX'Stlng models need to
AC 25.06 = 0.37 24.43 25.51 2292 24.99 23.78 24.34 22.49 29.16 24.70 enhance their tempo ral
RS 19.46 £ 0.71 22.38 27.07 25.69 35.08 22.65 36.46 21.27 68.23 32.35 . o

Spocial Tk modeling capabilities.
PM 33.58 £ 0.41 43.19 48.00 44 88 50.68 40.28 49.70 45.37 52.44 46.82
BM 33.63+1.21 39.31 50.29 43.35 47.98 44 .80 48.84 42.20 47.69 45.56
SA 33.22+0.54 41.08 48.87 47.23 49.47 42.96 48.18 44.16 52.42 46.80
PD 33.15+£ 1.55 40.56 47.55 46.85 50.35 38.46 44.06 45.80 54.20 45.98

Overall Performance

Avg 27.89 +2.90 31.83 37.87 32.08 39.54 31.58 37.64 34.54 53.66 37.34

The evaluation results of 8 multimodal video models on our Animal-Bench

Animal-Bench: Benchmarking Multimodal Video Models for Animal-centric Video Understanding
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Robustness evaluation results

e VideoChat2 Video-LLaMA VideoChat
ww Chat-UniVi == et e Avg

g . 12
Mol Weather condition Shooting parameters Py O - A - .
Snow Frost Distance  Direction go,_;w | 8.52
VideoChat2 | 1.49 2.17 4.76 6.39 3.70 98T - = -4 ”‘..\ »
Video-LLaMA | 5.41 7.46 10.82 11.19 8.72 £ 6t 4.84 i T A
. 3 VSIS 3.97,7 l "
VideoChat 743 4.41 372 8.63 6.42 S i 1 '-----.‘r- .
Chat-UniVi 5.04 1.81 3.83 7.86 4.64 % '
CR - - —
Sensitivity of multimodal video models to different variations(relative accuracy drop(%)) 0 >
Snow Frost Direction Distance

Average decrease in model accuracy(%) across four types of variations

* VideoChat2 demonstrated relatively good robustness
* VideoLLMs are more sensitive to shooting parameters than to changes in weather changes

Animal-Bench: Benchmarking Multimodal Video Models for Animal-centric Video Understanding
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Further discussion
» Animal category bias

OVideoChat2 BChat-UniVi 1 Video-LLaMA 1 Video-LLaVA O VideoChat BmPLUG-Owl OValley ©1 Video-ChatGPT IGAvg

Amphibian

* Object Recognition: higher accuracy for the
“mammal” and “bird”, while lower
accuracy for “amphibian” and “reptile”

Amphibian

; s Sea animal
Sea animal ._ _Bird -

» Action Recognition: higher accuracy for
“fish” and “mammal”

Reptile /—Fish Reptile — |

Mammal Insect Mammal Mnsect

> Model structure

=¢-CLIP ViT/L-14 =—A=Larger or fine-tfuned video encoder —+¢-w temporal modeling -A=w/o temporal modeling ° Emp|0y| ng more powerful VideO
5 G . R encoders is of significant importance for
4 - -
5 i - o the development of multi-modal video
54 Video- # 545 i
<0 Video- idesChat LLaMs, 7 2. - Video_|chatrmive__ o7 models
& LLaVA _ . =4 = 7 - o ideo- LLaVA _ 4 =~ - deo- . .
e i _, -~ Chatunn D CWGPL _ _e Z RideoChat gy « The impact of the temporal modeling
<30 s S e S < 30 = - .o
L G e module may not be as significant as
0 _ " expected
Video-LLMs Video-LLMs
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» We established Animal-Bench, an animal-centric benchmark, to enable comprehensive evaluation of model
capabilities in real-world contexts and overcome agent-bias in previous benchmarks.

» Animal-Bench includes 13 tasks covering both common human-related tasks and special tasks for animal
conservation, spanning 7 animal categories and 819 species, with 41,839 data entries.

» We defined a task system centered on animals and proposed an automated pipeline for processing animal-centric
data.

» We applied a video editing approach to simulate realistic scenarios, such as weather changes and shooting
parameters, caused by animal movements, to test model robustness.

* We evaluated 8 current multimodal video models on Animal-Bench and identified significant room for
Improvement, aiming to provide insights and open new research avenues for multimodal video models.

Animal-Bench: Benchmarking Multimodal Video Models for Animal-centric Video Understanding
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Our data and code will be released at
https://github.com/PRIS-CV/Animal-Bench
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