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Introduction to Object Counting

* What 1s Object Counting?

- Few-shot object counting
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Introduction to Object Counting

» Importance of Object Counting
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Introduction to Object Counting

 Limitation of Traditional Object Counting

- Annotation 2| &4

- Supervised learning= class B = [l 22| bounding box/density map label 2T
- Al Zh/H|E SH

- Generalization ‘=

- Train dataOl| /= object category (unseen categories) A=+ =7t
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Introduction to Object Counting

» Zero-Shot Learning
R PSIVIIE
-1 d

- Seen classesOl| A| unseen classes= knowledge transfer

- Semantic embedding space &

'+ Object2| visual/text feature &4

- Object counting 8 &

- Annotation H| & EZ, 2 A[Zt novel objectE count 7tS

-Open-world A|Lt2| 2 CHSE 2Faf
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Introduction to Object Counting

 Zero-Shot Object Counting

= Challenges

- Density map ‘& 2| oHA

- Unseen object= pixel TH?| label2| £ XH 2 T -&& QI density regressionO| 2752

- Visual-semantic gap
' Text description2} A X| object2| 20| = & X| 5}
-Background noise

;'s Unseen object2f
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Ground-truth Exemplar Prediction
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* RichCount: Expanding Zero-Shot Object Counting with Rich Prompts (arXiv 2025)
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RichCountV

* Introduction

1) Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

- 7| & zero-shot object counting2| S & =X

-Modal gap

'+ Text prompt 2t visual feature ZF = 2 X|
-Semantic ‘S 27} S 55X RS

Tha= ZHH| 22| label (e.g., “At2pP” S)BF AR

'+ Object S &2 £ XY
-Prompt 74 &5

g 0 &= d2 Me|7t 27lse

Strawberries

Inter-Modal Wea
Association

Infra-Modal
Strong Association
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1)

RichCountV

* Method
- RichCount= 7| zero-shot counting2| 2H|
- Stagel: Visual-Text Alignment

- Description Augmentation

- .

'« ChatGPT-4 2 object2| detail2 2 HoI= &

« AHAF odEH X S MEO| =7}

Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

= of| 25t7| 9|5l 2-stage train K| €t

=

r Stage 1: Visual-Text Alignment
Contrastive Loss

---------------------------

vVisual-semantic gap SH 2~

- Feature Enhancement via FFN

Negative Positive ‘ Text Feature
xb Al e - &==—0
© oo S :

N @ Adapter @

It :

S > :

S : Text Encoder”
4

---------------------------

Golden-

4
Golden-
brown

- CLIP visual encoder |0l FEN =7}

:': Category embedding '} image embedding = &
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1) Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

RichCountV

e Method

- RichCount= 7|ZE zero-shot counting®| tH|-E S| Z5t7| 2[5l 2-stage train A| 2F

" Stagel: Visual-Text Alignment f Stage 1: Visual-Text Alignment B
L. Contrastive Loss
- Adapter Training for Textual Refinement {Negative positve s Text Feature
HE®) : O
‘ = S -+ = -<::|
;= Adapterg ZH-& 50 text encoder 7 44 PR H"D : -I;I
g @ Adapter @
- Contrastive Loss 8
. . . & Text Encoder -
;' Visual-semantic ‘3 & align PO : -
lllllllllllllllllllllllllll Golden- Golden-
Eleshaniadrimians Visual brawn B | oo I
wten by the rives. | | ) Adapter Feature | s
‘“'“_‘_‘_‘_'_‘_‘_‘_'_""" m ‘Q ' g\e':al ;w;me‘ral
l_EJif-pb_ClDE) _,§ ,% f:a;l:gon f:a;l:g on i
[M&E;:}ZJ ‘tomatoes \: g— ;' a stove a stove @
iin the basket. o x| a EIrnage — T:p‘
- _,__,,--,:____. ' ncoaer
i Tomatoes! | % ([ ChaTGET4 ]
?} Describe  {the
B < bread rolls} in
%\ / ® the photo in one
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n
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1) Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

RichCountV

e Method

- RichCount= 7|ZE zero-shot counting®| tH|-E S| Z5t7| 2[5l 2-stage train A| 2F

- Stage2: Text-Based Counting i Stage 2 Text-Based Counting )

MSE 6T MSE
- Feature Fusion = \

‘= Interaction module

vQ, K, V& 20} fusiondt= &gt

o

=1, k=13
o

AL
v / Decoder @ \‘-7/ Decoder ‘\
1 $

Interaction Module

\/9|'E'”__II_E|’ k”—l?— AE-l Dozl, ObjeCt OEIH|_|-§|' AE-I ECID:| Query i ! Value é

| Adapter - l

[jot

'« Multi-prompt X| &

Image . Text
Encoder Encoder "
' L) )
Unbaked bread rolls 'Red and  brown| Several cranes in Golden-
with cuts on top, | fomatoes, some whole, | flight, with snowy Golden- Eran
aligned on a baking | = some sliced, scattered = | mountains and flat brown LS
tray covered with | on a wooden surface | ferrain in the object on i ‘ o ol
parchment paper. and in a white bowl. background. > rolls =
;:ﬁ.r:“eful two metal
+ 19 baking
:ays 2" g traysona -
< \_ Stovetiop: stove top. )

C
<

'y
¢
e

Green macarons on a | Pink  flamingos in | Colorful balls are
baking sheet to the | flight against a dusk | arranged in a wall-
right, in a kitchen | sky, spread across the = mounted abacus-like

sefup. frame. shelf to the left.
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1) Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

RichCountV

e Method

- RichCount= 7|ZE zero-shot counting®| tH|-E S| Z5t7| 2[5l 2-stage train A| 2F

- Stage2: Text-Based Counting i Stage 2 Text-Based Counting )

MfE/v 6T v\M‘SE

- Density Map Generation
' DecoderO| A M| 72| density map = =
vZH 2 2((r), MF B (d), object L2t HH(d)

- Consistency loss

/ Decoder [ \‘—7/ Decoder ‘\

Infer‘achon Module

l:3Lt - ZaLD(Da: Dg) + Z(a,b) LD(DaIDb) Query i ! Value é

vDY =ground truth density map [ T ]
' ! I , Text >
ectbdd@heltdd) [F\ [
7 3
vZH =l density maps 272} H| 0 | ]‘
vGT2} 2} density map H| 1 e w
: ': ool baking 3
:?gze top. f:ays ?"pu 7
sTove Top. )
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RichCount?

* Method

= Inference

1)

Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

@ Stage 1: Visual-Text Alignment (" Stage 2: Text-Based Counting N( Inference )
Contrastive Loss MfE/' 6T '\M‘SE
RELTCLLECEEE L EEE L EEL R T ., (v}
¢ Negative Positive * Text Feature MSE Q
: A o 102
2 I —=—o 8 —>
: S ' = t 3
I .
= : | @ Adapter *I Share
19 . / \
: : Decod Decod :
: 5. - et Encoder ecoder @ ﬂ ecoder @ Interaction Module ]
P T t t T
el i * Golden-  Golden- Interaction Module [ FFN ] [ Adapter ]
Visual ﬁ brown Rrown Quer‘y Value
kg = O | i LS -i: [T\ o)
metal two metal Encoder Encoder
bakin baking
[ @ FFN 0] fr‘a;sgon trays on Adapfer “ t t 1
a stove a stove ¢ Dark
Image top. *:P- / EIm‘-‘ge \ / ETC? \ in a purple
ncoaer ncoaer bronze or grapes or o
|  Encoder "\ [ ChatGPT4 ] ry bowl.
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- Describe brown o \_ /
: oread rolls} in et on on f—vDescr‘ip‘Hon-based Input Process <+ Distance
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bakin - »< Align
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1) Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

RichCountV

» Experimental Result

= Datasets
-FSC-147
'« Lol object categorys Al S Ot= zero-/few-shot counting H 12| EZF benchmark
-CARPK
- EER2O 2 FAE S 0A E Tt dataset
-ShanghaiTech

'« L 71 2 crowd counting benchmark dataset

<FSC-147 > < ShanghaiTech >
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1) Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

RichCount?

» Experimental Result

= Quantitative results on FSC-147

Val Set Test Set Avg
Scheme Method Venue Exemplar
MAE RMSE MAE RMSE MAE RMSE
FamNet [22] CVPR 21 None 32.15 98.75 32.27 131.46 32.21 115.11
Reference-less RCC [7] CVPR’22 None 17.49 58.81 17.12 104.53 17.31 81.67
o CounTR [15] BMV(C’23 None 18.07 71.84 14.71 106.87 16.39 89.36
LOCA [6] ICCV’23 None 17.43 54.96 16.22 103.96 16.83 79.46
FamNet [22] CVPR’21 Visual Exemplars 24.32 70.94 22.56 101.54 23.44 86.24
CFOCNet [32] WACV'22 Visual Exemplars 21.19 61.41 22.10 112.71 21.65 87.06
CounTR [15] BMVC'22 Visual Exemplars 13.13 49.83 11.95 91.23 12.54 70.53
Few-shot PseCo [9] CVPR’23 Visual Exemplars 15.31 68.34 13.05 112.86 14.18 90.60
LOCA [6] ICCV’23 Visual Exemplars 10.24 32.56 10.97 56.97 10.61 44.77
CACVIT [29] AAAT24 Visual Exemplars 0.13 10.63 48.96 37.95 10.94 52.99
CountGD [2] NeurlPS'24 Visual & Text 7.10 26.08 5.74 24.09 6.42 16.25
ZSC [30] CVPR’23 Text 26.93 88.63 22.09 115.17 24.51 101.90
VA-Count [35] ECCV’24 Text 17.87 73.22 17.88 129.31 17.87 101.26
VLCount [12] AAAT24 Text 18.06 65.13 17.05 106.16 17.56 85.65
Zero-shot CounTX [1] 7 BMVC’23 Text 16.99 61.67 17.29 112.50 17.15 87.09
’ CLIP-Count [11] ACM MM’23 Text 19.85 67.69 17.19 103.44 18.52 85.57
CLIP-Count [11] § ACM MM’23 Description 19.52 67.80 17.49 104.60 18.51 86.20
RichCount (Ours) Text 18.65 58.55 16.37 102.48 17.51 80.51
RichCount (Ours) Description 17.68 57.24 15.78 99,65 16.73 78.45
R B THSED VDS
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1) Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

RichCount?

» Experimental Result

- Cross-dataset evaluation (FSC-147 — CARPK)

FSC — CARPK
Method Venue Exemplar
MAE RMSE
FamNet [22] CVPR’21 Visual 28.84 44.47
BMNet [26] CVPR’22 Visual 14.41 24.60
BMNet+ [26] CVPR’22 Visual 10.44 13.77
RCC [7] CVPR22 Text 21.38 26.61
CLIP-Count [11]  ACM MM’23 Text 13.59 18.30
RichCount (Ours) Description  9.91 13.28
» Cross-dataset evaluation ShanghaiTech  ShanghaiTech
Part B Part A
SHB SHA
Type Method
MAE RMSE MAE RMSE
. . MCNN [34] 85.20 14230 221.40 357.80
Trained on SHA Specific o Lqcl 1P [14]  69.60 8070 217.00 32270
RCC [7] 66.60 104.80 240.10 366.90

Trained on FSC-147 Generic CLIP-Count[11] 47.92 8048 197.47 319.75
RichCount (Ours) 44.77 75.62 193.39  314.35

S
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1) Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

RichCount?

» Experimental Result
= Ablation study on FSC-147

( Stage 1: Visual-Text Alignment D
Contrastive Loss
FEN Ada Des [ Val Set Test Set Average g‘.;l\.].e;cll:r.i\.f:z""F;;.s-i:r;\;;"'é Tt Feature
~ 7° MAE RMSE MAE RMSE MAE RMSE 2 - —=—8
O O O O 1985 67.69 17.19 103.44 18.52 85.57 g
O e O e 1848 6272 17.02 99.37 17.75 81.05 E | / TexTEncoder\
O e e e 1779 57.13 1635 10232 17.07 79.73 LN P [
@ O O O 1821 6851 1854 101.69 18.38 85.10 o ﬁ;—*_. s s
@ @ O O 1813 61.32 1757 10436 17.85 82.84 metd o el
@ O O e 1819 60.58 1857 106.18 18.38 83.38 royson rays on
® © o O 1785 63.02 1758 101.71 17.72 82.37 [ Jmoge g\ P
® © O @ 1799 60.65 1725 99.68 17.62 80.17 (ChatePT4 ]
® © @ o 17.68 57.24 1578 99.65 16.73 78.45 jbb
& the photo in one
| sentence.
N\ . J
ﬂﬂ STudha VDS
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1) Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

RichCount?

» Experimental Result

- Impact of image descriptions on counting performance on FSC-147

Val Set Test Set

Method Exemplar

MAE RMSE MAE RMSE
Text Text 17.99 60.65 17.25 99.68
Claude [3] Text 18.42 62.59 17.13 102.20
GPT-40 [19] Text 18.27 62.13 17.59 100.36
GPT-4 Text 18.65 58.55 16.37 102.48
Claude [3] Claude 18.05 59.36 16.63 100.65
GPT-4o0 [19] GPT-4o 18.08 63.29 16.85 98.84
GPT-4 [19] GPT-4 17.68 57.24 15.78 99.65

S
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RichCountV

» Experimental Result

- Analysis of image-text alignment

~Misaligned clusterS = ZHM RO 2 HA|

1) Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

cwe W9

. Imagé Embeddings
- ‘; «7ext Embeddings

Image Embeddings
Text Embeddings

| 44 % CHdkan
SOGANG UNIVERSITY
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1) Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

RichCountV

» Experimental Result

= Zero-shot density maps on FSC-147

Ground Truth Clip-Count(B/L) B/L+FFN B/L+Adapter Ours(Class) Ours(Description)

Apples

Flower Pots

Finger Foods

g AW THEE D 8 | VDS I
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1) Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

RichCountV

» Experimental Result

= [Ilustration of density maps generated from various texts

Description Question Phrase

Green grapes are How many green peas Yellow
situated next to an are there?

old camera and below

a wine bottle.

Green peas are in a How many fruit are Red Strawberry
white bowl on the left = there?
side of the table.

SOGANG UNIVERSITY 22
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RichCount?

e Conclusion

1)

Zhu, Huilin, et al. "Expanding Zero-Shot Object Counting with Rich Prompts." arXiv preprint arXiv:2505.15398 (2025).

0] 73} ‘1/01H '“l.A‘l CNE T "'H ; Ol'L |:L
- CFY St text prompt (detail/ 222t 4 H )2 -8l zero-shot counting2| otA 5=
— — —e
: : : X A |. OlHd |. =gz E | A
- Visual-semantic alignment 22t 2 g2t A8tol S5 SA| 2k
= CIA
- =8 benchmarkOf| A| SOTA 85 &
4 Stage 1: Visual-Text Alignment Y Stage 2: Text-Based Counting \( Inference h
Contrastive Loss MSE &l MSE
Ne ahveposmvg ': Text Feature / \ 3
9 . MSE 102
o
D e =
g @ Adapter @ Share
i3 ,
§. . Tesct Encoder / Decoder @ \‘—'/ Dec:der & \ Interaction Module ; ]
i ) t 1
""""""""""""" S:idin- fflii"' [ Interaction Module [ FFN [ Adapter ]
Visual S = Quer‘y Value I o
Feature LJ on two 2l on / mage \ / ex \
e oolmetal Encoder Encoder
akin bakin
:,r‘aysgon f:dysg on 3 Adap‘rer‘ 1 1
e T / ot \ sl =
4 Encoder' Encoder bronze or grapes or o
[ ChatePT4 | 7 bowl. *
D bf Golden S:li?- 9 . mem )
escribe f'm: brown T
ol olls  on (— Description-based Input Process < Distance
‘H'\e pho‘ro in one :Z:i:‘em two metal »< Align
sentence. 'l'r'aysgon a g::':gon o iR R ‘ Updated
L stove top. s,,oze top. ) Visual Feature E Text Feature . prosen
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* T2ICount: Enhancing Cross-modal Understanding for Zero-Shot Counting (CVPR 2025)
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1) Qian, Yifei, et al. "T2ICount: Enhancing Cross-modal Understanding for Zero-Shot Counting." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

T2ICountV

* Introduction
- 7| & ROl 4 ZA|: Text insensitivity
-CLIP 7|2t Ol ot
' Global semantic ‘3 20| &5 — pixel =T object counting®| £t
'« Text prompt2 Cf image L CF= objectOf| 2k &

- Text promptOf] BIZSHA| HHSSHHA CHASH objectE H 25| countSh= framework Al @F

Ground-truth: 2.0 CLIP-Count: 42.41

VLCounter: 25.04 Ours: 2.0

R AW THEE D VDS
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1) Qian, Yifei, et al. "T2ICount: Enhancing Cross-modal Understanding for Zero-Shot Counting." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

T2ICountV
* Method

- T2ICount= | 2F €2 =H|E S -Z25}7| 23l pre-trained diffusion modelS & &
R EES
- Stable diffusion 7| 2t2| pre-trained model AF&
;': Image-text alignment & =, pixel level 2218 HR
- Single-step denoising

:: 2Z X0l inferenceS ¢ ol (speedt, text sensitivity )

Representational Regional
Coherence Loss

Input image

Diffusion Model

Eimiiiitnl ke ity (it H

==r=T
I .
1 : : : : : T ! Text-image
Lo " 1 .
similarity may
! : : - Hierarchical Semantic P
Cnrrection Module

pred density map GT
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1) Qian, Yifei, et al. "T2ICount: Enhancing Cross-modal Understanding for Zero-Shot Counting." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

T2ICountV

* Method
= Hierarchical Semantic Correction Module (HSCM)

- Three refinement processes
= 1. Multi-scale feature fusion
vU-Net decoder 2| feature map (F,~F;)& up-sampling 3 concatenating
vF/ = Conv(Concat(Up(Vi;1), F;))
- Output = F3, F;, F{

Hierarchical Semantic
Cnrrectlon Module

a
| Multi-scale !
| feature maps

1

R AW THEE D VDS
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1) Qian, Yifei, et al. "T2ICount: Enhancing Cross-modal Understanding for Zero-Shot Counting." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025

T2ICountV
e Method

= Hierarchical Semantic Correction Module (HSCM)

- Three refinement processes
= 2. Semantic Enhancement Module (SEM)

vImage-text cross-attentions X861 visual EE 2} text ‘S E align, V; ‘43

vCosine similarity map ‘S A

Vi : ZT XS
S; = v ILIIIC’II — Pixel-level alignment & & 2F&
i

Hierarchical Semantic
Cnrrectlon Module

a
| Multi-scale
| feature maps

pred density map
R S THEED VDS
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1) Qian, Yifei, et al. "T2ICount: Enhancing Cross-modal Understanding for Zero-Shot Counting." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

T2ICountV

* Method
= Hierarchical Semantic Correction Module (HSCM)

- Three refinement processes
= 3. Semantic Correction Module (SCM)
vLow-resolution — high-resolution2 = hierarchical refinement, feature map A+
vF « F{ + Up(V;410Si11)

vLow-resolutionOf| A| CHEFA object @ F A8 = high-resolutionOf| A detail ‘& 112}

Hierarchical Semantic
Cnrrectlon Module

a
| Multi-scale !
| feature maps

1
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1) Qian, Yifei, et al. "T2ICount: Enhancing Cross-modal Understanding for Zero-Shot Counting." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

T2ICountV
e Method

- Representational Regional Coherence Loss (Lzpc)
- Point-level annotation2t 2 2 MM Z|2 4= QU= supervision signalE Y Ht= H0| &
- PNA (Positive-Negative-Ambiguous) map ‘4
vPositive: GT density > T
vNegative: A0S < 0

v Ambiguous: LI X| (ambiguous & B2 background= HX|SHA| =

Representational Regional
Coherence Loss

| Cross-attention maps:

-~

Text-image
similarity map

R AW THEE D VDS
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1) Qian, Yifei, et al. "T2ICount: Enhancing Cross-modal Understanding for Zero-Shot Counting." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

T2ICount?

» Experimental Result

= Datasets
-FSC-147
Cr ot object category= M| S Ot= zero-/few-shot counting H 2| HF benchmark
-FSC-147-S (& == contribution)
' Minor object counting ‘B 7S |2t re-annotation subset

-CARPK

2 EE20 2 FAE AF0|A EHHBL dataset

—

<FSC-147 > < CARPK >
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T2ICountV

1) Qian, Yifei, et al. "T2ICount: Enhancing Cross-modal Understanding for Zero-Shot Counting." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

» Experimental Result

= Quantitative results on FSC-147

Scheme Method Venue Shot th‘ﬂ S]:;EE MA.EEM ]S:I':flSE
FamNet [24] CVPR'21 3 2432 T0.94 | 2256 101.54
BMNet [27] CVPR 22 3 15.74 58.53 14.62 91.83
LOCA [31) ICCY"23 3 10,24 3256 | 1097 5697
Few-shot SAM [25] WACY 24 3 - - 1995 13216
PseCo [38] CVPR 24 3 15.31 6834 | 1305 112.86
GMN [ 14] ACCV'19 1 2066  R9.81 2652 124.57
FamNet [24] CVPR'21 1 2432 7094 | 2256 101.54
BMNet [27] CVPR 22 1 19.06 67.95 16,71  103.31
FamNet [24] CVPR'21 ] 3215 9895 | 3227 13146
Reference-less LOCA [31] ICCY"23 ] 1743 5496 | 1622 10396
RCC [5] CVPR 23 ] 17.49  58.81 17.12  104.53
Patch-selection [33] CVPR 23 ] 2693 BR.63 | 22.09  115.17
CLIP-Count [7] ACM MM™23 ] 18.79 6118 1778  106.62
CounTX [1] BMVC23 0 17.10  65.61 1588 106.29
Zero-shot VLCounter [5] AAAL24 ] 18.06  63.13 17.05 106.16
’ PseCo [35] CVPR 24 ] 2300 10033 | 1658 12977
DAVE [16] CVPR 24 ] 1548 5257 | 1490 103.42
VA-Count [39] ECCWV'24 0 17.87 73.22 17.88 129.31
GeCo [15] NeurlPS'24 = 0 | 1481 6495 | 13.30 108.72
T2ICount (Ours) i 0 | 1378 5878 | 1176 97.86
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T2ICountV

» Experimental Result

= Quantitative results on FSC-147-S

Method MAE RMSE
CLIP-Count [7] | 48.42 108.04
CounTX [1] 31.30 98.80
VLCounter [%] 3524 7546
PseCo [35] 39.01 6134
DAVE [16] 4932  108.47
T2ICount (Ours) | 4.69 8.06

= Quantitative results on CARPK

Method MAE RMSE
RCC [5] 21.38 26.61
CLIP-Count 7] 11.96  16.61
CounTX [1] 8.13 10.87
Grounding DINO [13] | 29.72  31.60
VA-Count [3Y] 10.63 13.20
T2ICount (Ours) 8.61 13.47
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T2ICountV

» Experimental Result

= Qualitative results on FSC-147-S

VLCounter Ours

strawberries

Pred: 21.6

bottles

Pred: 2.0

dogs

Pred:10.4
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» Experimental Result

= Qualitative results of T2ICount
- Density map (left)
- Similarity map (right)

GT:117  Pred:124.5 GT:1  Pred:1.0

blueberries

GT:16  Pred:15.5

strawberries
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» Experimental Result

= Ablation study on the key components of T2ICount

Test FESC-147-S
MAE RMSE | MAE RMSE
Baseline (B) 1466 111.62 | 2434 64.74
B + Lrre 1455 106.21 | 959 2225
B + Lgrec + HSCM | 11.76  97.86 | 4.69 8.06
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S
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e Conclusion

X~ O

- Text sensitivity = M| & ==X 2 2 Sl Z 2t zero-shot counting framework | Ot

- HSCM, Lzpc = image-text alignment X minor object counting & = 2F&f
- FSC-147-S2t= M Z & benchmark dataset X[ Ot
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