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Few-Shot and Zero-Shot Methods

* Object Counting

Object Counting
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Object Counting: Few-Shot and Zero-Shot Methods

» Few-shot object counting2| 3 2|
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Object Counting: Few-Shot and Zero-Shot Methods

» Zero-shot object counting2| 73 2

: Zero-shot object counting= AT 0| S5 E|X| A2 MER N E B HE O|0|X|(exemplar) §10| HIAE
A—ID:IEII_|-OE O|)k|"'|_—| A= A_”L 7|§

-Or2f O Al 32| B, “carrot”0] text prompt2 & |0, O|O|X| LM A& TIA
QHtX O 2 CLIPY} €2 Vision-Language Model (VLM)= &2

“Carrot” [ 900

Text Prompt VLM Image
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1) Jiang, Ruixiang, Lingbo Liu, and Changwen Chen. "Clip-count: Towards text-guided zero-shot object counting." Proceedings of the 31st ACM International Conference on Multimedia. 2023.
2) Jia, Menglin, et al. "Visual prompt tuning." European conference on computer vision. Cham: Springer Nature Switzerland, 2022.

3) Zhou, Kaiyang, et al. "Learning to prompt for vision-language models." International Journal of Computer Vision 130.9 (2022): 2337-2348.

Object Counting: Few-Shot and Zero-Shot Methods

e 7|Z zero-shot object counting BFH = A7l — CLIP-count?
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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.

Object Counting: Few-Shot and Zero-Shot Methods

IES
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1) Mondal, Anindya, et al. "Omnicount: Multi-label object counting with semantic-geometric priors." Proceedings of the AAAI Conference on Artificial Intelligence. Vol. 39. No. 18. 2025.

Object Counting: Few-Shot and Zero-Shot Methods
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* Referring Expression Counting [CVPR 2024]
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1) Dai, Siyang, Jun Liu, and Ngai-Man Cheung. "Referring expression counting." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Referring Expression Counting

» 7| &2 class-agnostic counting 7| =2| SHA

7| =9 A counting= 22 EFl(e.g., “AtE, “EEMETF =W 7SS
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1) Dai, Siyang, Jun Liu, and Ngai-Man Cheung. "Referring expression counting." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
2) Viresh Ranjan, Udbhav Sharma, Thu Nguyen, and Minh Hoai. Learning to count everything. In Proceedings of the IEEE/CVF Conferaice on Computer Vision and Pattern Recognition (CVPR), pages 3394-3403, 2021.

Referring Expression Counting

» At #HIX| 03 H[O|H A 4155 — REC-8K
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1) Dai, Siyang, Jun Liu, and Ngai-Man Cheung. "Referring expression counting." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
2) Viresh Ranjan, Udbhav Sharma, Thu Nguyen, and Minh Hoai. Learning to count everything. In Proceedings of the IEEE/CVF Conferaice on Computer Vision and Pattern Recognition (CVPR), pages 3394-3403, 2021.

Referring Expression Counting
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3k ® |mage-RE

Dataset Text Anno. Classes REs No. of images Avg. points
JHU-Crowd [39] X 1 - 4372 345
NWPU [48] X 1 - 5109 417
UCF CC 50 [10] X 1 - 50 1279
CARPK [9] X 1 - 1448 62
FSC-147 [36] X 147 - 6135 56
REC-8K (ours) v 1182 8011 36

. ) (a) Percentages of person & object (b) Histogram of points per image, per
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1) Dai, Siyang, Jun Liu, and Ngai-Man Cheung. "Referring expression counting." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
2) Viresh Ranjan, Udbhav Sharma, Thu Nguyen, and Minh Hoai. Learning to count everything. In Proceedings of the IEEE/CVF Conferaice on Computer Vision and Pattern Recognition (CVPR), pages 3394-3403, 2021.

Referring Expression Counting
» ol #IX|0r3 H|O|H M ++= — REC-8K

JSON Raw Data Headers

Save Copy Collapse All Expand All (slow) Y Filter JSON
v 0000-fsc147-1106. jpg:

v red pen:
class: "pen"
attribute: "red"

¥ points:
> 0: [ 155.36, 48.55 ]
> 1: [ 361.23, 80.54 ]
> 2: [ 357.85, 179.2 ]
> 3: [ 263.4, 64.0 ]
> 4: [ 211.98, 217.61 ]
» 5: [ 184.61, 221.41 1]
» 6: [ 149.63, 226.73 1]
» 7: [ 289.35, 73.04 ]
» 8: [ 334.92, 29.05 ]
» 9: [ 204.38, 185.28 ]
» 10: [ 77.45, 201.28 ]
» 11: [ 338.07, 83.1 ]
» 12: [ 312.65, 78.86 | )
) 13: [ 239.46, 180.12 ] (a) Per'centages.of person & object
categories, attribute types and at-

» 14: [ 245.65, 211.08 ] o
type: "color"

» purple pen: { class: "pen", attribute: "purple", type: "color", .. }

b green pen: { class: "pen", attribute: "green", type: "color", .. }

» yellow pen: { class: "pen", attribute: "yellow", type: "color", .. }
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1) Dai, Siyang, Jun Liu, and Ngai-Man Cheung. "Referring expression counting." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Referring Expression Counting
» REC task= /ol AH&A X[ eret 22 — GroundingREC

- ZEok @ E M (open-set) Z4A| EFX| 7] 2] GroundingDino?= base model = A EHSEO] GroundingRECE 7HE
- 7|Z2| bounding box G|F CH4!, K[| S pointE 0| Fot=E L2 = =5 counting task 0| A =78
- Global-Local Feature Fusion E%
~«2 & Hdh et &2 HA AN £ d(relational attribute)= & & O[38lSt7| |5l | Fef

- Contrastive Learning 2=

7;05 HA Ho| |. DML |:|=|"'-'-|_—|_|_I=I |_ | | H = O Ol &t
—E = C L L — 1 0o= o%.l'o o © / 1o Contrastive Learmng EE = . H &=
. Local subject Global context Similarity logits —————— GropRd-truh
"Penguin” "oq the beach”, abels
Ul Global-Local Feature Fusion "]
Referring Expression ‘ K.V | Classification Loss
"Penguin on the beach", Tex(; v KV 03/01/01|[cLs] v
"Penguin in the sea” | EMcoder (Local) Image-to- [ 0605 0.5 | penguin Bivartit
ipartite
% i v Q™ (Local) Image-to- 5| . [05|o3]o3| m b
< Cross Attention (Global) Image B v
o | (Global) Image-to- Cross Attention g 7 |05|01(0.1 | the -
S T Text —K, V-9 0.7 0.0/00]5e Localizatin Loss
E Q Cross Attention E -
& T (s} . ‘ 1
B o v
| g 1 ____________ \ Pr(%%i)((:tsg [t)ein)ts — Ground-truth
— : r ' : ) p
B e | el ”'9"' yer feature maps | 'Contrastive Learning Module polints
L w-layer feature maps ¢ ;
. C N 1
: —
LSS —— b the beach —
\ l | N ) Text Embedding | Similarity

— , (postive, negative)

""""""""""""""" .& > “Inthesea” € ——}— g::‘“m,'z;
— Minimize — Contrastive L
t . Similarity
g s = Image Tokens —p:t “ |
r - > matched to e
- ground truth Similarity

R ATk l @UDSL
6 SOGANG UNIVERSITY




1) Dai, Siyang, Jun Liu, and Ngai-Man Cheung. "Referring expression counting." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Referring Expression Counting

« REC task= ¥l Mll&A M2t 22 — GroundingREC
« Global and Local Feature Fusion Module
- 0| == 0] Al RE label2] attributes== 271 2| category = L|E
:': Local Attributes: color, material, age, gender2f &€ O] O|O|X| 2] local cropL ZEEH & = A= 3
:': Relational Attributes: locationO| Lt relative size2} £ O context2f O|0|X| 8| MHIMH Ol O|S| & HRE o= HHE
- Base model (GroundingDINO)+= text input2| 21 Zf Q| objectOf| B E SOl = St 5 X0 J S E = Jocal attribute | &= &

22 Q2| = 0]0|X| Q| globalst MEE EQ 2 SlE 2 relational attributeS 2 & 0| £ IS 2 A A =

-2 M, input referring expression= + LIEZ L=
;= Local subject part: object with any local attribute

:'= Global context part: relational attribute

“Red apple in the left bowl”

“Penguin on the beach’
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1) Dai, Siyang, Jun Liu, and Ngai-Man Cheung. "Referring expression counting." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Referring Expression Counting
» REC task= /ol AH&A X[ eret 22 — GroundingREC
- Global and Local Feature Fusion Module
~Image encoder2| L= layerO| A| &= image feature= = query image L O| A| A| 2 C}E receptive field= 7 A| D
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1) Dai, Siyang, Jun Liu, and Ngai-Man Cheung. "Referring expression counting." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Referring Expression Counting
» REC task= ?/3H M&H A[eret 2 & — GroundingREC
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- &2 class LHO|M = CHE 4 X0| & F=9| 2ot = g5t 0t
~ShS A| ZEO| A sfLfo| 0|0 X| 2 E0{Z=MA, 1 0|0|X|0f 3§ Edt= of & 7H2| C}= Referring Expressione $HHO|| AL
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o

[
;' Negative sample: SA|0f| IS K| T
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1) Dai, Siyang, Jun Liu, and Ngai-Man Cheung. "Referring expression counting." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Referring Expression Counting
» REC task= /ol AH&A X[ eret 22 — GroundingREC

Z|E loss function: L = Lijoe + M Lcis + Ao L contrast
- DETR-like object detectorS RECO|| = & -&35}0{, Bipartite Matching & 11 2| & 2 2 predicted points& GT pointsOf| Of At
O

- Localization loss £;,.: predicted point2 GT point ZF2| L1 distance=
K

‘ 1 .
:,:“ Eloc — E; ||pk _pkH

- Cross-entropy classification loss L;: &2 & 0| O|O|X|0f| A ZOFH SFLEC| predicted image tokenO| =0 £ text tokent S OFL}

A 2SS 7(| E MM Oo g =X

N
Leps = Z_: [_% Z_: I:yt log ¢ yz 1 - yi) log(l - 'gf)]]

| 2 ©F point regression loss
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03|01|01|[CLS] J l _y Classification Loss
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1) Dai, Siyang, Jun Liu, and Ngai-Man Cheung. "Referring expression counting." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Referring Expression Counting

e AlS Z Ol M

« H[2F 2 GroundingREC= REC-8K HIX[OFA G A] 7| & & B = CH| SOTA(State-of-the-art) de= AU
- Of2l Q| qualitative results= T A& Q! text promptHl = 2ot A+ d52 E0EF

. 7| &9 class-agnostic counting #ll X| Ot 3 @1 FSC-1470| M & zero-shot 82 E SOTA ds2 EHotH ZEHo
)

5o Atz 452 FY

oo = O

X Target @ Prediction

RE: blue ball RE: person sitting and watching a game Method Setﬁng Val set Test set
True:67, Pred:71, MAE:4, TP:67, FP:4, FN:0 True:156, Pred:155, MAE:1, TP:126, FP:29, FN:30

MAE RMSE MAE RMSE

ZSC [54] zero-shot  26.93 88.63 22.09 115.17
CounTX [2] zero-shot 17.10 65.61 15.88 106.29
TFOC [62] (text prompt) zero-shot  47.21 127 24.79 137.15

GDino [21] (w/o finetune)  zero-shot 51.11 101.28 54.40 92.36
GDino [21] (w/ finetune) Zero-shot 10.32 55.54 10.82 104.00

GroundingREC (ours) zero-shot 10.06 58.62 10.12 107.19

(b)
< K| 2Fot REC-8K | O|E{ A 0| A Q| zero-shot ‘& >
RE: person in the nearest queue RE: goods on the second top shelf
True:33, Pred:26, MAE:7, TP:23, FP:3, FN:10 True:38, Pred:34, MAE:4, TP:33, FP:1, FN:5
. - Method Backbone  Finetuning Val set Test set
: - MAE| RMSE] Prect Rect F11t MAE|l RMSE| Prect Rect FIT
bo 5.8 o amg_m§§%agm asee @3 ° 2“_":3
5 TENEE l. Mean - - 14.28 27.75 - - - 13.75 25.91
. :!!,_4.4._.. ; ‘ ZSC [54] ResNet-50 14.84 31.30 - - - 14.93 29.72
N sp—T ZSC [54] Swin-T 12.96 26.74 - - - 13.00 29.07 - - -
- = TFOC [62] ViT-B 16.08 31.61 0.30 0.07 0.12 17.27 32.68 0.23 0.07 0.11
11.88 27.04 - - - 11.84 25.62

.- CounTX [2] ViT-B-16 - - -
T GroundingDino [21] Swin-T 11.77 28.6 057 025 034 1171 2697 059 025 035

GroundingDino [21] Swin-T 9.03 21.98 0.56 0.76  0.65 8.88 21.95 0.59 0.76  0.66
GroundingREC (ours) Swin-T 6.80 18.13 0.65 071  0.68 6.50 19.79 0.67 0.72  0.69

448 CTH &.‘,‘.:D. < Qualitative Results >
SOGANG UNIVERSITY . <FSC-147 HlO[E 04 2| zero-shot 415 > & UDSL
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* Exploring Contextual Attribute Density in Referring Expression Counting [CVPR 2025]
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1) Wang, Zhicheng, et al. "Exploring Contextual Attribute Density in Referring Expression Counting." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Exploring Contextual Attribute Density in Referring Expression Counting
» 7| & REC 7|=2| ot
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- Over-counting: 2 20| ‘A1 =1} Z£2
AH|7HX| 7t2 E0| £ A|7|= =X 7 &2d

- Under-counting: 24 &| 7t ZFA X[ ALE 27| Holot et A2, FOT S 712 AH E sX|= 287 28
» 7| & counting HT0|A] visual density2| 5282 SRS LE RECOH A= “EUNH £ B
(Contextual Attribute Density, CAD)” 7 & 0| Zt1E[ R =

.2 =22 CADE "5 M3} £40| 0|0|X| H Lo Lot LHE0f YETP 2 ol

-

person walking person riding a motorcycle person walking person riding a motorcycle

‘ Referring Expression H Referring Expression ‘ [ Referring Expression “ Referring Expression \

REC Baseline

GT: 100 Pred: 96
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