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Does this

{template} image
{text} include
{text}?

—-{ WA

Video

Anomaly Scores

s A
Task: Evaluate whether the given image includes {text} on a scale from 0
to 1. A score of 1 means {text} is clearly present in the image, while a
score of 0 means {text} is not present at all. For intermediate cases,
assign a value between 0 and 1 based on the degree to which {text} is
visible,

Consideration: The key is whether {text} is present in the image, not its
focus. Thus, if {text} is present, even if it is not the main focus, assign a
higher score like 1.0.

Detailed prompt

Output: Provide the score as a float, rounded to one decimal place.
N

13 1Anomaly LVLM ZHYYa 7=

21002 =2 AH e
WAE SIS g a9 29 gk 9 e
2718 AEg2 A23, CLPsle] ofvA) =aHE 5
A= g e ARAT NG g =AY
7zt zeAqdel AL geln 2 ded g
e, s EEe Zyeel m d
W A7 H2E guge) AR

aiss

tlo

ol 2 © l
o g

fo ro & ®

el

(nt
2
o
N f
i) ™ At
£
o £

—r’i:tq

FAE o] AFHEG. o] W 7—“.2419] Azl A
FAIZE 7Y, HFHoZ dg = ddg FH gES
#AEE 99 A2 5 Uk
fitext - (DWA(fL" etext) (1)
s (e fi = WA ZEds ofvlstal, et = HXRE
A S ou|git} etext & A7) 3] Jeongo] A3
dEpig dY d2EE AYT F, CLIPY H2E
JIYE FHANAY. ft = "g2E Jdo] FxH iHA
:‘Zi'ﬂ%l% S
B o] ¥

‘T“j/]’\: LVLIMCe 2 HFe =gl Chat-UniVi[6]S ©]-&3}o]
VADE 339t LVLME Z#Hdy ZEZEE JEow

)
wol o] H4E whEksiH, ojnf ¥ ZEFEZE= A9Y(Task),
a1 AF&H(Consideration), =¥ (Output)e] FEIZ FAETH WA
Taske LVLMeO] F33jof st Aoz, ZHe U H=E
x3 oARE Hrists W o]olth Consideration 7} Al
78 Agem HAEH IPsts 947 Zgde =4
W&ol ol ets 52 AFE Fostgt= A Z It Output
H7t A3 29 S AAsHH, o AFE A5 AA
ARA BHHEZ (AT JY ZHYoRE 9B
ZY Q) AAEE zZH el 47 AHEEnh LVLMe| $H@3
AASL 2FH HF ol vt AEdTh

aSCOTetext =y, - CDLVLM(fi' ptext) +v, 'CDLVLM(fitext;PteXt) )

il

_ Window Image
Cropping Encoder

Small-scale window Class token

embedding map

Mid-scale window
embedding map

Multi-scale
Aggregation

I

Text Embedding 1
(Bicycle) 1

|

Attentioned
frame

I3 2 WinCLIP 7]8t of€l

21 (2)9 ascoreft = YUY H2EoO| g
ol Ha4E orista, ptet & ZEZEEZ Yeidth y &
ol # hetul e 2, WA 1l§ =l
3 4% 2 2%
31 48 &4

A ZHUH =7 C-VADE A A FYst=A B71eH7]
?Jall C-STC HlolEAS F5383th C-STC Hlo] B A& STC?]
HO eSS 11719 ¥AY FFo2 AR, 24 3ol
s A2 2pES g3 Aotk fEle e HolHAS
g-g3to] 3B (Action) L 2 ¥ (Appearance) ©] ©BA A
Hl w3} o A ¥ -2 NVIDIA GeForce RTX 3090¢] #&2+E Ubuntu
20.04 Aol A Python 3.8% X33} th.
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Class Baseline | Proposed | Improvement
Skateboarding | 0.6163 | 0.6489 +5.29%
Throwing 0.9218 | 0.9302 +0.92%
5 Running 0.5316 | 0.5880 +10.61%
5 Loitering 0.6150 | 0.7169 +16.57%
<1 Jumping | 08259 | 0.8822 | +6.82%
Falling 0.7727 | 0.8325 +7.74%
Fighting 0.8449 | 0.8789 +4.03%
3 Car 0.8846 | 0.8846 +0.00%
| Handtruck | 0.9528 | 0.9548 | +021%
& Bicycle 0.7219 | 0.7219 +0.00%
< Motorcycle 0.8759 | 0.8759 +0.00%
Average 0.7784 0.8104 +4.74%




The image shows two
people playing with a
frisbee, and one of
them is jumping, so
the scoreis 0.7.

(a) Jumping

The image shows a
persondoing a jump,
so the score would
be 1.0.

(b) Hand truck

The hand truck is
partially visible, so

the score would be

0.8.

The image features a

hand truck, and it is

clearly visible. Assign
ascoreof 1.0.

(c) Car

The silver car is
prominently parked
on the brick-paved

road, taking up much
of the image. The

The image shows a
car drivingdown a
street, so the score
would be 1.0, as the
caris clearly present

scoreis 1.0. in the image.
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