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Qualitive result: the left is before interaction.

Class-agnostic counting count the number of objects with The highlighted region is the selected region.

user-specified exemplars. This is crucial for applications like
crowd control in public security and car counting in traffic
management.

GT:10.00, Predict:51.45, AE:41.45 GT:10.00, Predict:28.86, AE:18.86
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Class-agnostic counting count based on the - " S Interactive Loop

. . . . . . . . GT:25.00, Predict:40.57, AE:15.57 GT:25.00, Predict:31.66, AE:6.66
input image and user-specified exemplars. Applications of class-agnostic counting.

1 Interpretation: IPSE density map segmentation by
iteratively select pick & expand to minimize:

Motivation: Class-agnostic methods often err due to
variations in object size, shape, and color, as well as high
density and occlusion. To address this, we propose a h(R) = R, — [R, — 51| N max (0, 7; — R,)
framework that integrates human feedback to correct max(1, [R, — 31]) 1
these errors.

+ max(0, Ry — O)]

J Feedback collection: User provide feedback by
select a region then given the range of #Objects in
the region.

GT:1092.00, Predict:149.19, AE:942.81 GT:1092.00, Predict:394.95, AE:697.05

1 Adaptation: We only update the parameters in

feature refinement module. We also adjust learning

Shape Variation Large Density Occlusion rate and adaptation steps with the confidence in

FSC-147 Test Set FSCD-LVIS Test Set

feedback. MAE RMSE MAE RMSE
Main Contributions: Tt men 15 Exen | 21222?1?2/ 9891%ijll/ 40?631?2/ 587.?1,70/
. : : . . e . ¥ +5 Exemplar .5 % 98. % 40. % 57.854,0%
dinterpretation: interpret the predicted density map into | e e | L | +50urfeedback 11.75\,47% 75.37,24% 21.18\,49% 34.134,41%
an IntUitiVE FESUIt. aLndpExemplars:E R a—p— :Tgtrg.ﬁf:'eﬁe:t Density map: D S':FEEcounIt 12 ](-)313,64/ 999412?1\13/ 14]-853454/ 292081\71,32/
. . +5 Exemplar : % : % : % : %
[ Feedback collection: A feedback collection scheme that a3 “EET E +50ur feedback  9.42431% 80.69112% 10.45,32% 18.421, 36%
reqUireS minimal user Effo rt- Inmmiem—p-mult;l{;atmn—-A;l-.;mn Remiﬂiz%ﬂmmap - Multipllicatian—-nddlition—- ﬁj BSMENet+ I 14];14(-)3,22/ 919516?1,30/ 1712774‘1-,91/ 292690?1,61/
. . . +5 Exemplar : % : % : % : %
J Adaptation: An effective adaptation approach that Channelwise refinement Spatial-wise refinement +5 Our feedback  9.514,35% 84.66\1.8% 13.431,23% 22.39,25%

incorporates the user's feedback to improve the visual
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