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UMB: Understanding Model Behavior for
Open-World Object Detection
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Background

Open World Object Detection (OWOD)

[ \  Original Ground-truth \ Predictions \

Increased Ground-truth \ Predictions || Predictions of unknown classes ]

Closed-set Object Detection

Training

Labelling needed
i new classes

Known Classes {¢y,5,..., ¢y}

Only One Task Task 1

Open World Object Detection

Labelling more

Labellii ded
e et needed classes

new classes

Known Classes X; = {cy,¢3,...,c,} Known Classes %; = {c;,c3,..., cuix)  Known Classes X3 = {c1,¢2,..0, Crsprm)

Task 2 Task 3 Taskn

[1] Zhao, X., Ma, Y., Wang, D., Shen, Y., Qiao, Y., & Liu, X. (2023). Revisiting open world object detection. IEEE

Transactions on Circuits and Systems for Video Technology.
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How to understand the behavior predicted by the model?

Benefits:

The model has predicted
an unknown object, but

what 1s the reason behind
this? How 1s it related to

the known class?

Annotator

unknown unknown: Fish Color

The object was predicted as an
unknown class due to its similarity
with the fish. The color was the
most influential factor in the
model's decision-making process.

Durs-: Identif);ing unknown targe‘t-s and c-
omprehending the behavior of the model.

BRIV e L i e = | L T -
Others: Merely identifying unknown obje-
cts and providing them to the annotator.

* Infer the similarity of unknown objects to known classes (Helps understand the predictive bias of the model)

* Discover the most significant attributes that influence decision making (Help subsequent data annotation)



How to establish the relationship between attribute similarit
y and positive sample probability?

Method:
Known Prediction:

p(Cjleyis;) = Sigmoid (w1 - 3IM (€yis;; €atts ) + -+ + Wjn - SIM (€pis, » Eatt, )

i
= S@Tgﬂmid(z W k - StM(eyis,, €atty,))

k=1
Collecting data: Attribute Similarity->Known Confidence:

(NeuriPS 2024)

P (€att,, Cjlevisy) = wj;? - p(Cjlewis,)’ , wji = W], il

What is unknown data? (Maximum Probability)

P (Em‘,ti ’ Cu |€Uiﬁk ) = maxr (ij (Eﬁtti ) IC’Tl |€-ui3k) . uUH (Eaiii 3 C'nl |£1Ji::‘:g,- ))

= argmarxr ( ﬁ (ea!tig C}' |E'U'i-"f'k) )
jE[l,frl]
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How to establish the relationship between attribute similarit
y and positive sample probability?

Process the data and establish a continuous probability distribution:

0. 12 b 12 0. 12
I St 3 g SRL i
RTINS Original 0,10 b Linear 0. 10 F Probabilistic
Distnbution Interpolation | Mixture Model
—_ 1, 1, A & i A8
< Sliding Window |
oN I
8 0, 06 | i 0, 0% -
%)
-D—- 0, 04 i ¥ o,
— . !
S
()
Z 0. n ] 0,1
N
'Il
I, 0 P poogtl—e—t il b . - P NP it | 1 0. {x)
1.0 =08 =06 ={4 D2 00 G2 0.4 0.6 OH L. 1.0 -0L% -0.6 -4 D2 0.0 G2 04 0O.& 8 L0 1.0 -0E 0.6 04 -0.2 6.0 0& (d (S 1.0

Linear Interpolation (Estimating points that do not exist in the data):
fig(@) = k(z —z)) + fii(@), k= (fii(z,)— fis(@))/(z, — ),
Sliding Window (filtering noise):

Jij(8im(eyis,, €att,)) = argmazx f; j(sim(€yis,,Catt,) + a).
ac[0,Ws.—1]
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How to establish the relationship between attribute similarit
y and positive sample probability?

Process the data and establish a continuous probability distribution:

0. 12 b 12 0. 12
.5 S A T =M Chy x
RTINS Original 0,10 b Linear 0. 10 F Probabilistic
Distnbution Interpolation | Mixture Model
—_ 1, 1, A & i 0.8
< Sliding Window _ |
oN |
8 0. 06 i o 0,
%)
(a1
= o, d il 1! 0,064
S
()
=2 0. & 0o ] 0.1
N JI
] I ] I b B I i I P W i . i
1.0 =08 =06 ={4 , 2 i L. 1.0 -0L% -0.6 -4 D2 0.0 G2 04 0O.& 8 L0 1.0 -0E 0.6 04 -0.2 6.0 0& (d (S 1.0

Multiple Gaussian Distributions Mixed:

A
fi,u (Si‘?n(euisk:‘ Catt; )) :Z G'm(*gi'rn(ﬁ'uisk s Eatt; ) |“}a1 Tay Ju'r.t) ’

a=1

1 (2—p)?
e 202
oV 2T

Gm(z|w,o, pu) =w -
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How to establish the relationship between attribute similarit
y and positive sample probability?

Process the data and establish a continuous probability distribution:

0. 12 b 12 0. 12
I .5 S A T =M Chy q
RTINS Original 0,10 b Linear 0. 10 F Probabilistic
Distnbution Interpolation | Mixture Model
—_ 1, 1, A & i A8
< Sliding Window |
oN |
8 0. 06 i i 6
%)
(a1
-: 0o | 1
S
()
2 0. ] 0
N JI
I, 0 1 poogtl—e—t il b . j ........ 1 T e S B EERT R
} 0,2 i 1.1 1, 8 6 -4 D2 0 14 B {4 O N (] 1.0 =0, i

Multiple Weibull Distributions Mixed (Unsymmetrical):

X7 bl o Xy i iy
W b(x|w, A, k) = w A(A) i

Use Gradient Descent to Find the Optimal Parameters: Gm(z|w,o,pn) Whb(z|w, A, k)
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How to predict unknown objects?

Unknown Inference & Additional Information:

1 T Tl
ing: e, = — bt * Wi ]Rd
Mean Embedding: earr, = — > (Ze 0, - W5, ) =

j=1 \i=1
Empirical Probability (Empirical Prob):

Ffilesia) E fiu(sim(eyis, ;s €att;)) - Wi, Wi = argmax wj ;.

In-Distribution Probability (ID Prob):

Jio(esiss) szg?nmd G s L))~

f=1
Out-of-Distribution Probability (OOD Prob):

foop(evis,) = argmaz(l — Softmax (T(sim(eyis,, €att;)) * Wj.i)).
JjE€[1,m] j€[1,m)]



How to infer additional informations?

Unknown Inference & Additional Information:

Unknown Prob:

p((;u|fftsi£k) = Sing’”id((fu(Etviﬁk) ’ (1 - ﬂfl +:fliD(Et?f,‘;k) i ({) N J})fJD(E‘L‘iHI;l)

Empirical Prob 1D Prob Q0D Prob

-Sigmoid(T (sim(eyis, , €att,))),
-

L

e
Average Similarity

(NeuriPS 2024)

Similarity Between Known and Unknown Classes:

j€[1,m]

=1

T
Sulevis,) = softmaz (Z fig(sim(evis, ,eat,)) + p(C; |))

Maximal Attribute Contribution:

(:rtr(ﬁatti) = W; - (Sig?nﬂid(T(ﬂtriskv €att; )) e ¢ B fi._t.ﬂ.(“ﬂr'?r”'(ﬁt.-'isk ’ eatfi)) ’ (]- - ﬁ'))
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State-of-the-art Comparison for Open-World Object Detection

Aquatic Aeral Game Medical Surgery (Overall
Tesk IDs(>) Taskl Task2 Taskl Task2 Taskl Task2 Task1 | Task2 Taskl Task2 Task1 | Task2
U K| PK CKE U K PK CKUU K (PK CK U K PK CK|U K |PK CK/I U K PK CK
Base+GT-B 29.8 45.0(45.0 36.7 1.3 57|57 14 150 04 (04 01|05 00 00 01|56 15|14 03104 105 105 7.7
Base-FS-B 7.1 41.1(41.1 31.9 1.2 104101 4.0 160 46|48 39|06 6.1 |61 33 13 11.9(11.3 109| 5.2 148(14.7 10.8
FOMO-B | 35 43.8(44.1 40.8 09 120126 54 133 38 |44 4.1 |21 64|55 115/ 6.1 12.7(129 110| 5.2 157(159 14.6
Base+GT-L 34.8 36.0/36.0 423 1.0 79 |72 08 124 09|08 03|24 02 02 03 24 02|26 13106 90 94 90
Base-FS-L. | 24 43.6|42.9 42.8 9.7 23.7|21.9 13.0| 8.2 10.4|10.2 13.4| 1.1 232|217 24.2| 3.6 26.0(25.0 74 | 5.0 254|243 20.2
FOMO-L 182 50.1(48.1 47.1 6.0 253|237 16.0/30.4 10.7]19.9 11.2| 94 218|199 34.6|12.0 29.0(28.9 8.5 |15.2 27.4(26.1 23.5
Ours:
UMB-Gm-B 13.3 43.8(43.0 39.7 1.5 188(19.0 59 |152 4.1 |47 43|23 54|35 11.8/10.1 13.9(14.3 11.1| 8.5 17.2{169 14.6
UMB-Wb-B 135 43.8(43.0 39.7 1.4 188|190 59 163 4.1 |47 43|23 54|35 11.8/145 139|143 11.1( 9.6 172|169 14.6
UMB-Gm-L | 186 50.7|50.5 50.4 11.2 427 (404 22.6 35.1 11.1{10.7 10.5(13.2 22.219.1 34.5/24.5 36.6|39.0 174 (205 32.7|31.9 27.1
UMB-Wb-L | 186 50.8(50.5 50.4 11.1 42.8 (40.4 22,5/ 32.7 11.1{10.7 10.5| 8.6 223(17.3 33.2|25.6 36.6/39.0 174 (193 32.7 31.6 268
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