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Object Counting Method
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Detection-based vs Density Estimation-based Approaches

» Detection-based Approaches

. 0|0 X| L} Z4H| 2| Bounding BoxS 25 F 2t F| I 7|+E TAtsts 221 0 g4l

* Density Estimation-based Approaches
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Detection-based (GT Point or GT Point & Bounding Box) Density Estimation-based (Density Map) Density Map heatmap
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1) L.Ciampi, A.Azmoudeh, E.E.Akbaba, E.Saritas, Z.A.Yazici, H.K.Ekenel, G.Amato, F Falchi, “Computer Vision and Image Understanding,” CVIU, 2025

Class-Agnostic Counting (CAC)
L CAC: 2 B0 BX| R 0|0 x| HENK| RASHH 4 4 U= W2
- Reference-based Approaches
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- Open-world Text-guided Approaches
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1)  J.Pelhan, A.Lukezic, M.Kristan , “Generalized-Scale Object Counting with Gradual Query Aggregation,” AAAI, 2026

Generalized-Scale Object Counting with Gradual Query Aggregation!
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Introduction

« Few-shot detection-based counters : GECO2 (Generalized-Scale Counter ) A| ¢t

U E 20| ExemplarS Ar&5t0] O|OX| L AX|2| 7H+~F F& (Main Stream)

. Few-shot 7|2l counters 2!
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Introduction
« GECO22| Object Counter &= H| !
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Methodology

 GECO2 Structure
» Multi-Sacle feature map == (Hiera : SAM?2 Vision Backbone | C;, L € {1, 2, 3})
- Scale-Specific Query Encoder

1. Exemplar 7| & Appearance (PA) 3 Shape Prototype (PS) ‘43 (P : RolAligne S5l &=, PS: MLPE Sl =)
2. Cross Attention (CA) : Input Feature Map C,; 1} Prototype P; (concat(P , PS)Zt2| Cross Attention (Q’g) =C A(Q'gi_l), p.,PL))

3. Deformable Attention (DA) : ”](Jj) =D A(Q”](Jj)

Scale-Specific Query Encoder,

| : » CA |~ DA | @é

v

!
[ Query Decoder ]

Scale-Specific Query Encoder; I
Scale-Specific Query Encoder; ——

] o @ .

24 CA : ZiX| el 52 Query Mapdll TYUSIH «FEAZ H2 X a5
5 (o] CH é!n‘,u_-‘, DA : A U2 E5LE 2| WO| 2 (A H|R S F0|7| 98l ata 7ts st ME 2 Qx| 0t £ D) % UDSL
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Methodology

« GECO2 Structure

- Cross-Scael Query Aggregation

-Q=LUM; (LUM, (LUM(Q)) + Q;) + Q3)
= LUM (Lightweight Upsampling and Fusion Module) : A| 2 CFE S| & = 9| query map= & & & O = upsamplingot 1!
v LUM : 2 x bilinear upsamping + 3x3 conv + GeLU (Scale Query= otLI2| 15H & = query map 2 = merge)
- Dense Query Decoder : K| 22 E 0|

Scale-Specific Query Encoder,

|
|
& At | i
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oot LR " RolAI — :
RS Bl e L, ‘ Rol!}llgn }—» | LUM. -
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Count: 1681

[ Query Decoder ]

Scale-Specific Query Encoder;
Scale-Specific Query Encoder; —|—r LUM
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Methodology

e GECO?2 Structure

- Dense Query Decoder : 2145 2 & 0=

- Objectness score : 4 X[ 2] K| =X E=, y° = LReLU(W?Q)

-Bounding box 0|Z : 2} query ¥/ X| 0| A SHE ZH K| 2| bounding boxE 0| =, yBB = O'(MLP(Q))
-NMS : Local maximumf thresholdE S5 S5 XA
 Off & ? X[ 2| objectness scoreZl = 871 O| 2 E.C} =O0Of &
. o5 S ol T threshold 2 CF =0F0F 2 : centerness > map max /8 = 12.5% Z= 1}
- SAM?2 Decoder
- bounding box ¥ A| 273, AN o &N HA BS =7, bounding box E L} & & SF mask ‘&3, maskOi| 7|2tSt box refinement
- SAM27} -5t K| mask, M; = SAM2Decoder (f', b;), f': backboneOll M| Z|AtEl O|O|X| E &, b, : GECO27} 0] %3+ bounding box
- Detected Object Count > 800ea : GECO2 box AFE (BT A 37|17} 25pixel 0|82l 42 SAM2 mask?t £0HHE 4= AU
e A2 AN BEX] Qaux = LUMpux(Q3)

;= Total Loss function : L =L" + al’ %
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Experiments

 GECO2 model implementation details

B !
Backbone Hiera vision backbone (SAM20]|A| AF& &l AFH & =l backbone, frozen)
Input resolution 1024 x 1024

Feature map level (L) {16, 8,4}

Dimension (d) 256

Exemplar Count (k) OO X| & 37§ 2| Exemplar Box Al&
Optimizer AdamW (Batch Size : 8, Epochs : 200)
Learning rate Z=7| 104, weight decay 5 x 10-3
Hardware NVIDIA A100 GPU 2%

SOGANG UNIVERSITY 12
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Experiments

« GECO2 model results

A

- Few-shot global counting (FSCD147 Dataset) : MAE 7.64

Validation set Test set

Method MAE () RMSE(]) AP("1) AP50(1) MAE() RMSE() AP(") AP50(1)
FamNet 23.75 69.07 - - 22.08 99.54 i _
CFOCNet 21.19 61.41 - ; 22.10 112.71 ; ,
BMNet+  15.74 58.53 - ; 14.62 91.83 - -

VCN 19.38 60.15 - ; 18.17 95.60 - -
SAFEC 15.28 47.20 - - 14.32 85.54 ; ;
CounTR  13.13 49.83 - - 11.95 91.23 ; ;
LOCA 10.24 32.56 - - 10.79 56.97 ; ,
CACViT  10.63 37.95 _ - 9.13 48.96 ; ;
CountGD  8.12 38.97 _ ; 8.35 89.80 - -
C-DETR  20.38 82.45 17.27 41.90 16.79 123.56 22.66 50.57
SAM-C 31.20 100.83 20.08 39.02 27.97 131.24 27.99 49.17
PSECO 15.31 68.36 32.123)  60.02 13.05 112.86 42983 73.333)
DAVE 9.753) 40.303  24.20 61.082 10453 74513  26.81 62.82
GeCo 9.5202) 43.002) 33512 62512 7912 54282 43420  75.062)
GECO02 9.40D 332800  34.080 63210 7.640D 39390  46.81D 75.890
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Experiments
e GECO2 model results

- Few-shot global counting (FSCD147 Dataset) : MAE 7.64

- Upscaling + tiling= M| A °}H GECO22t Ef & 7te

Method  MAE(]) RMSE(]l) AP AP50 (1)
PSECO 13.05 112.86 42 .98 73.33
LOCA 10.79 56.97 - -
CountGD 9.44 [1.0 98.84/9.0 - -

DAVE 12.21]1.8 9493204 26.44]04 61.041.8
GeCo 8.88 |1.0 75.67/21.4 43.15/03 73.40/1.7
GECO02 7.64 394 46.81 75.89

Table 4: Few-shot counters on the FSCD147 without upscal-
ing and tiling. Performance drops are marked in red.
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Experiments

« GECO2 model results

- Few-shot global counting (FSCD147 Dataset) : MAE 7.64
- Best Case

lerr] = 0 (pred : 8, GT : 8) lert| = 0 (pred : 10, GT :10) lerr| =2 (pred: 26, GT :28() o "?:'L"

h 4

o L S

ol

lerr| = 0 (pred : 11, GT :11)

FSC147 Test dataset
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Experiments

* GECO2 model results
- Few-shot global counting (FSCD147 Dataset) : MAE 7.64

- Worst Case

lerr| = 934 (pred : 2767, GT :3701) . *

RS T Lt
T SeBlolP! &

lerr| = 844 (pred : 857, GT : 13)
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Experiments

 GECO2 model ablation study

- Few-shot global counting (FSCD147 Dataset) : MAE 7.64
- SAM2 decode= O| &2t box refinemens & = ot MAE/RMSE+= A E[X| 2 AP, APSOO| Al &4

Counting Detection
Method MAE(]) RMSE() AP(T) AP50(1)
GECO02 9.40 33.28 34.08 63.21
GECO2Frp 10.48 50.49 34.02 6243
GECO02q, 12.71 60.29 34.05 62.10
GECO02q, 22.64 58.15 2498  49.86
GECO02qq 19.97 55.33 24775  47.97
GECO2np,_, 945 43.19 34.03  63.05
GECO2n,_, 11.06 45.68 33.58 62.15
GECO02,—9 10.15 44.89 33.61 61.19
GECO24=05 9.39 36.74 33.47  63.02
GECO2455 9.13 31.76 24.15  60.22
GECO234(.) 10.93 53.08 34.63 63.82
GeCo+Hiera 10.99 47.99 33.75 62.84

Table 6: Ablation study on the FSCD147 val split.
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Conclusion
 Exemplar Type2| Few-shot Ef X| 7|8F GECO2 2 & H|2H (2 22| B 7=)

» Upscaling, Tiling0l| 2| &0IX| REOtA A &F H|EO0| R HAM E& el oA J=et 7238 s5 HS

- 7|&= 2 & CHH| MAEE 10%, RMSEES 2F 20% Zt4&

¢« APE 10% s/IotHAZ 3| Q2 ddE|H 22| B2 0 R

R AW THEE D @UDSL
SOGANG UNIVERSITY 18



1) L.Che,Z.Xue, Y.Quan, B.Liu, Z.Shi, M.Hurst, J.Feldman, R.Tang, R.Krishna, V.Pavlovic, “Counting Circuits: Mechanistic Interpretability of Visual Reasoning in Large Vision-Language Models,” arXiv preprint arXiv:2603.18523v1, 2026
I

Counting Circuits: Mechanistic Interpretability of Visual Reasoning in Large Vision-Language Models?

SOGANG UNIVERSITY 19

4B THEED
g CH 3 @UDSL



Introduction

» Large Vision-Language Model (LVLM)2| =& 53 = H7}517| 25 Al Counting O| &
. Counting= 7§ Z4H| S Al WSt & R = SHAMSIE 2 8}7| 20 LVLM £ 2 532 Hotst7|of H ™t
@) X

=
- Counting2 Eha5t 7| 50| OfL|2f A| A F=2

—

;s Object Recognition A & th35| 2|g = &
- LVLM 21¢F0F R AFet Counting &5 £
- M2 0 o M= d2tot ds& 2O X| Bt =2 0| HOrE= L 0|=7F MRl FHX[E M=
;= Subitizing : 2 M| 2| /& MX| (L1 SZL4H O Z Oietot= &2 58 (E& 1472 =M =
:': Noisy Estimation : 7}5=7F BOFX|H =27t 545 BOX|H CHEFM Rl o = m}pef

- Ol QXM EHEE2 ot El HE M| AR LHOM HEE = A7 =3 2t Z0| SA A E4 AO|e| 2| EHS
Xto p{ XM2FR AMEH

- L— =1 1 L
o 02 S0f AL} 3HE & I HEHS| Lopof ME
‘O BECh 2k =

§7_II-I-I oz IL|.OI-)

-

Of =2|5HX| 2 EH 10002 & = M= &
Y

|UX 28 SHOIAM 2] 2l H

= L- H

ot

FS| M= AEELEE
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Problem Formulation

LVLM Counting 5= H7
H 20
. 1071 O/ 2F2| Counting = HO|A{ @17k H| W
. OO|H 70| U2

- A == 1~10 9

_ANZtMo=z @ ¢

‘Hallusination

=

C=St S

”)KI oz L

24 : SynReal > SynDot or SynPoly

AN =

- <O[O] X[ Lhe| (A} 7=
H 2 | O|E{ Al SyncDot, SyncPoly 2F & X

22 I AEHS| 2:Z0| EOjX| &= 24 20

ynDot or SynPoly &2 C} SynRealO|A & =
_ EE”O| Alx.” Ealx 7H_JI§% A‘” — cxa D.llg_l L_lx,o M_

- MO

?9

E7f

o o=

Table 1: Performance comparison on synthetic benchmarks.

A ALES

Model Dataset Acct MAE| RMSE,| OBO T
SynDot  76.12 0.25 0.52 06.21
Qwen2.5-VL-7TB  SynPoly 53.74 0.94 1.75 82.27
SynReal 73.48 0.79 2.13 91.01
SynDot  73.22 0.32 0.66 095.21
Qwen3-VL-8B SynPoly  70.34 0.52 1.49 04,02
SynReal 88.79 0.15 0.47 08.88
SynDot  24.07 4.46 6.58 39.22
LLaVA-1.5-7TB SynPoly 33.30 1.65 2.34 56.71
SynReal 54.27 3.59 5.05 66.34

ot/ &

SynDot

1

o L O
== ds=2 EY
|-) =1

SynPoly

= MU A2 E oM K.
|O|E| M| SyncReal A&

s GIOIEfO) ZXHRE SAHE ABBA 0

SynReal

Figure 8: Data Samples of the three synthetic benchmarks.
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Problem Formulation

¢« LVLM2 TAtE M&=712

Score (Yes=1/ No=0)
o =] r
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—— Model response
=== Ground truth (3)
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Figure 2: Counting Uncertainty Curve by Yes/No Answer of Qwen2.5 VL 7B.
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Figure 3: T-SNE visualization of model hidden states based on black dots data.
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Understand Layerwise Behavior of Counting
* Visual Activation Patching (VAP) & Logit Lens

(ﬁ

- 578 2{0|0{ 2| Hidden StateE C+E O|0[X[2] AL = X35 I =|F ==0| GO} HHR=X| 4 E (a)
- Image Tokens : Z=7| 2{|O|{FE 2 158 0|07 X| 2 S H FX| (Counting 8 E 7} Visual Features JENE =2 US
- Last Prompt Tokens : 152 2{|0|0{ 0|2 £ F&H0| 5479| &&5t0 23 &j|0[¢ 2 X0 dH= HS
v 15~22H 200 = A4 A SR AN AH VB2 M| HAE EZ 92 HO 7= Cross-modal Routing <t
+ Logit Lens : S7f 2{0/0{2| Hidden StateE 2 22| Z[E =550 SLrA|74 O EHO{7} 0| S & =X =H2l(b)

- LVLMe| 20| O ZHIE 0| M M| =2t 2 R

Layer-wise Activation Patching with Different Strategies (Qwen2.5-VL-7B) Qwen2.5VL Layer-Wise Logit Lens: Emergence of Counting Signal
== Image Tokens 100 Semantic Digit
100 1 Silent For Build-up Read-out
=& nstruction Tokens vere 018 (19-26) (27-28)
== System Tokens
=—8— Generated Tokens
—»— Last Image Token
B0 1 —#— Last Prompt Tokens 80 1
S /
¥ (]
s 60 - E 60 1 Any digit (1-10) as top-1
@ ﬁ == Correct GT in top-10
£ - = Correct GT as top-1
2 [=]
£™
[ : & apd
g 40 0
=]
20 20 4
0 1 0

012 345¢6 7 8 91011121314151617 18 1920 21 22 23 24 25 26 27 012 3456 78 0101112131415 1617 1810 20 21 22 23 24 25 26 27 28
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Mechanistic Analysis on Attention Head Function

 Counting = AtAS X[ o= 24 Attention HeadS =0

+ HeadLens : =3 Attention Head= 0| 22t |5 S 80| 0| 2|0|M 7|0 & St=X| EZ |2 HEl5H0] 24

hi(z)=1[0,...,0, hi(z), 0,...,0 ] NS E 7|0 =5 i r(x) = T(hi ()W)
R | N
(i—1) X dhcaa (H—1) X dncaq vh; : S5 i#M Attention Head2| E= 4} (HeadLens= §78 o =0 7|10 LIHX| = 022 X2 HEE ALE)
vW, :MHSAC| £8 £ #HH L o| =9 Zt7t RHO| MY KA 2 O{BAH HAMLIZL=X| AHLh
H H S S o .
- ~ v T(- 7|—EO O:ttO:I_' ixao _.tto:IAOO O|:|I-I7|-:Lo XEO:IoI-QOEAI_%.II:IE%}A b
= (S ) ) Wo = 37 () () : B2 olofe] B2 215 2000 el olol 20X 2138 AL AL o (Az + )
— im1 vri(x): 2L = (WA 5| =7 2EH O T A E El(Residual Stream)'0f| 7| 0| SH= 2| 0| % HIE

ri(z) = T(?li(:E)WO) li(z) =Uri(z)+c  pi(- | z) = softmax(¢;(z))

= Logits Bk £,(x) = Ury(x) + ¢
vU: 22 9| Unembedding Matrix (&M #E S7t0| gf5 22|17t &1 = Ue B U SULE §£IF)
Y

o
v£;(x) i W S| E7F FESH= T =2| M (Logits) & X|

a
1

- HeadLenst= 4 3| E2| &-d3tE A H Q0|28 EE22 =2 [/ E0lH, HeadLens2| & | 1070 240 M Al 4N EH EE
H| = (Visual Grounding Score, VGS)Z f A+ EZ &2 = (Counting Token Emergence Ratio, CTER)= "3 2]
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Mechanistic Analysis on Attention Head Function

(ﬁ

 Counting & &= X|H|St= <t

Al Attention Head= =2t €|

- Cross-modal Routing Heads (355 A4 &AL L19H23 G| Al)

o) = X A
=
=

AHjE o2 Halslo] ool BEIO| Xt AE 20 2 MEHSI= Jly At

=
d: o|ERBOA OJO]X| &4 H|SO| 20§, ofth 2= A TX E =X O|0|X| L Ax|(E) ?[X[0f] Bt O{EHld= =
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Mechanistic Analysis on Attention Head Function
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Enhancing LVLMS’ counting ability
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Figure 6: Visual Grounding Heads in Early Layers. Left: Head-wise heatmap based on Visual
Grounding Score; Right: Layer-wise Visual Grounding Score.
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Enhancing LVLMS’ counting ability

Adaptive Head Temperature Tuning
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Experiments

« Attention Regularizer implementation details
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Experiments

 Attention Regularizer
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Experiments

» Attention Regularizer &-& 41}
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Conclusion
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Discussion
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