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Vision-language model driven object counting
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Abstract: Objective In recent years, pre-trained large vision-language models (VLMs) have been widely used in numer-
ous vision-language tasks. These models typically incorporate a vision encoder and a text encoder to facilitate image align-
ment with their corresponding text prompts in the embedding space. Inspired by their success, interest in solving the class-
agnostic counting problem based on VL.Ms has surged, leveraging text prompts instead of exemplars to specify the target
category of interest. However, existing methods still encounter two critical challenges: category semantic misalignment and
decoder architecture limitations. The former leads to false detections, where models often mistakenly identify background

regions or irrelevant categories as targets. The latter arises from the over-reliance on single-CNN architectures for local fea-
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ture extraction, resulting in a lack of understanding of global semantic information, which severely compromises the capa-
bility of the model to accurately estimate object counts in complex scenes. This limitation also compromises the robustness
of counting performance in complex real-world scenarios, such as scenes with dense occlusions, perspective distortions, or
heterogeneous object scales. Method Aiming to address these issues, a cross-branch cooperative alignment network
(CANet) is proposed. This study introduces a dual-branch decoder architecture: The Transformer branch employs self-
attention mechanisms to model global contextual dependencies (e. g., spatial relationships and density distribution) ,
while the CNN branch uses convolutional operations to extract fine-grained local features (e. g., edges and textures of
small). A bidirectional information mutual feedback module dynamically bridges the two branches, facilitating cross-scale
feature interaction. This module transfers global priors from the Transformer branch to realize refined local predictions in
the CNN branch, while injecting local details from the CNN branch into the Transformer branch to enhance spatial coher-
ence. Moreover, a vision-text category alignment loss is proposed: this loss enforces cross-modal alignment between global
image embeddings and text prompts via contrastive learning. Specifically, visual embeddings are pulled closer to their cor-
responding text embeddings (anchor text prompts) while being pushed away from unrelated text embeddings using counter-
factual prompts (shift text prompts). By optimizing semantic consistency between the visual and textual modalities, the
model learns to distinguish target semantics from interfering information, substantially reducing false detections caused by
category ambiguity. Result CANet is compared with four state-of-the-art text-promptable object counting methods on five
benchmark datasets. On the FSC-147 dataset, CANet surpassed the second-best model, reducing the MAE and RMSE on
the test set by 1.22 and 8. 45, respectively. In cross-dataset evaluations, CANet achieved MAE reductions of 0. 08 and
3.58 on CARPK and PUCPR+, respectively, compared to the second-best model. On the SHA and SHB datasets, CANet
reduced the MAE by 47.0 and 9. 8, respectively. Additionally, comprehensive ablation studies on the FSC-147 dataset
demonstrated the effectiveness of the proposed method. For instance, the performance of two single-branch and dual-
branch variants was compared using only CNN or Transformer to validate the effectiveness of the dual-branch decoder. The
results showed that homogeneous dual-branch variants substantially outperform their corresponding single-branch counter-
parts, but none surpass the proposed dual-branch decoder. This finding indicates that single-architecture decoders have
inherent limitations, and leveraging the complementary characteristics of both architectures can help simultaneously focus
on global- and local-scale predictions, thereby improving overall performance. Aiming to verify the effectiveness of the
information mutual feedback module, ablation studies were conducted, identifying a performance drop with the removal of
the module. Visualization results were provided to validate the effectiveness of the vision-text category alignment loss,
revealing that this loss substantially reduces false detections. Furthermore, this study demonstrated the effectiveness of
CANet using different encoders and training strategies. Conclusion The proposed CANet effectively addresses the chal-
lenges of category semantic misalignment and limitations in decoder architecture commonly encountered in text-prompted
object counting. By leveraging global-local feature interaction and precise cross-modal alignment, CANet achieves state-of-
the-art performance in cross-dataset evaluations, demonstrating strong generalization capabilities in zero-shot counting
tasks. This work presents a robust and scalable framework for open-world scenarios, where objects notably vary in scale,
density, and contextual complexity.

Key words: object counting; visual-language model (VLM) ; text-promptable; dual-branch decoder; information mutual
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L. =—log

lign

(4)

L= Lo + MLy, (5)
A, w X FEAR R AR . a i X RO 2
X 5 B 22 B2 T, AR RE A SO ff b ¢ i H Bn TR
{155 , [R)f HLo B Fr 3 AL P i

3 L g

3.1 SCIOZETS
3.1.1 Huegk

AR SR FH FSC-147 (Ranjan %5, 2021) 5048 545
F N B B A B 147 A 251 6 135 i B
1. FSC-147 W SR B 89 120114 3 659 i [A]
1% B UE AL 20 251019 1 286 IR K, X FE
2920 1 190 MR IEMR . PPl Ik ad iz A
B, bR FSC-147 BB UE S S5 ML, i85 A T
CARPK (Hsieh % ,2017) . PUCPR+ (Hsieh % ,2017)
H1 ShanghaiTech (Zhang 55 , 2016 ) %45 4 #1738 L5
WESC 8 . Horp, CARPK A9 3R 48 40 & 459 1§ £
90 000 % 2 11 TC AMLBTHAEIZ , PUCPR-+ (1 24 1)
BLE T 25 IR AT 16 456 FH A At HA 1% . Shang-
haiTech 434 A(SHA) 1 B(SHB) B 43 , HAll iR 4 45
AL B 182 M I 45 Wi A ) N HE IR S 316 M LT
WIS F A RS . BRI 58 R

FFR I3 A 15 FSC-147 1715 .35 26 57, BEMS AT 28 4
UEAR I F 25 S 7 o
3.1.2 SEftAn

AR SR FH I 25 B9 DINOv2 (self-distillation with
no labels) (Oquab %5 , 2024 ) 1 A #1521 &% , BERT
(bidirectional encoder representations from Transform-
ers) (Devlin 55 , 2019) 1 4 SCA G i 4 o Y1l kit F2
Hh AR SCUR G SCAS Gt g AR el P15 G ) i , 78
1 Amini-Naieni 55 A (2023) B I 2RSS . Il ZRi 5
ANFEAAE T LA E 3R 1R R b = 5 M m B $2 s in]
I PSS AT P 1Al i i), R R P B AR
(fn MLP #1 LN S8) YN 2l =X (5) i kil . =X
(5) AU BN 1 x 107, IR 2T 30 1 x 107,
T R M 0. 33 19 AdamW (Loshchilov Fil Hutter,
2019) i fk 4% , 76 NVIDIA A40 GPU LIl 200 4~ %8
K (epoch) , it K /N (batch size )15 &N 32,
3.1.3  HELMLK KPP TEDR

N BUE CANet FYA RUHE , AR SCRCE T — AL
W26 He i 2555 CANet — 25, (AR A T FE 28 b
JE AR FH 5053 S 4 CNIN i fith 25 3000 2 B2 &1, HLACR:
MK L, - T A

VEAl 48 5 R P 1 48 XF 152 2% (mean absolute
error, MAE) F135 75 #2 1= 2% (root mean square error,
RMSE) , 5 B W 5% (Jiang %5 , 2023 ; Kang 55 , 2024;;
Amini-Naieni % ,2023 ) P45 —2
3.2 5SOTAFHEMERILBRER

1 JB/R T CANet £E FSC-147 45 4 b1 52 56
5. WK 1R, CANet 5 5 B TR il H bt
BTk M AR T SORSR R 9 HAR IO 64T T
XJEG o SR AR BT s 40 Y 7 R R AL TR TS
AR TTVE | 3K 72 PR Ry SCAR B R AR AL 5832 119 26
I I LR G AN [R) A RE A 4 2 P 22 5, T AR
AR HR R B 0 75 ) AT LA 2 B A 0 28 1) 40 AR
M2, RE WL, CANet 53 F 76 7 51
P BE 22 B 42 /N, AU 38k T CounTR (Liu 45 , 2023b) Al
UPBC (unified prompt-based counting) (Lin F1 Chan,
2024) A e pERE R . LU, 1 FSC-147 AR |
CANet 7E5E T SCARYR /R (19 7 15 P IS T I L PEBE -
M F B St 3 J7 1 (state-of-the-art, SOTA) , 40l
CounTX ( Amini-Naieni %% ,2023) , MAE 5 RMSE 43+ %1
AR 1. 22 5 8. 45; AL T IELAAL MAE 5 RMSE
S5 5.05 511,97,
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®1 EFSC-4THIRE LNEEXTLE
Table 1 Quantitative comparisons on FSC-147 dataset

B LaTEE S 4
Trik R

MAE RMSE MAE RMSE
GMN(Lu%,2019) Nl 29.66 89.91 26.52 124.57
FamNet(Ranjan %5 ,2021) Nl 23.75 79.44 24.90 112.68
BMNet+(Shi %,2022) N 15.74 58.53 14.62 91.83
CounTR(Liu % ,2023b) N 13.13 49.83 11.95 91.23
UPBC(Lin #1 Chan,2024) Nl 12.80 48.65 11.86 89.40
ZS0C(Xu%%,2023) AR 26.93 88.63 22.09 115.17
CounTX ( Amini-Naieni %5 ,2023) &N 17.70 63.61 15.73 106.88
CLIP-Count(Jiang %,2023) AR 18.79 61.18 17.78 106.62
VLCounter(Kang % ,2024) AR 18.06 65.13 17.05 106.16
Baseline ($£4%) SCAR 20.00 66.62 19.56 110.40
CANet(4<30) AR 15.29 57.72 14.51 98.43

TE IR TR SR SO 7R I ¥ Th A B ) B L4 2R

BT SCAR R4S 1A, CounTX {21 44 15
9 # 7R dd , MM CLIP-Count (Jiang %5 , 2023) Al
VLCounter (Kang 22 2024) i T B AR {a photo of
[class | {/E MR 7R A o ASSCAH A T AEAR {a photo of
[class | HE Ryl i pe s i), RIBHE [ class |4 iR FS
FE /R IR SR AR B R BE Sy o FERI 4R s i 1]
AL S SR, THEUH s 7 5 % T 4% B2 TR i A 1
o XPE—EIAE T CANet FI4GBM: . Toi 4 A K
B F R0 9 73 A gy, G2 188 1 249 B G v 5 A
T H AR D, A IR T S 0 2R X, B

BT RE A A7 R FH SCAR 2R 5 | MU 55 O B 3
G0 IR T 1 R 2 LA )

itk — 2 1Al CANet 912 fLRE 1, AR SCHEAT T
PSRRI UL . $i A 5T (Jiang 25,2023
Kang% ,2024;Shi %% ,2022) WY E, 76 FSC-147 B8
£ F 1%k CANet, 31-7E CARPK . PUCPR+#/ Shanghai-
Tech B9 4 T B4 VEAL , TFOM . W 2 FiR,
CANet 7 CARPK 5 PUCPR+%{ 4% % I ) MAE 1 &
1 F VLCounter(Kang %5 ,2024) , Jié Bl T 58 K 4 B5 1§,
W PE . 323 /R T ShanghaiTech £ 4E I (172 1k

%2 7ECARPK #1PUCPR+#{EE FHX iTfEER
Table 2 Cross-dataset evaluation on CARPK and PUCPR+ datasets

CARPK PUCPR+
5 BN

MAE RMSE MAE RMSE
FamNet(Ranjan %,2021) w1 28.84 44.47 87.54 117.68
BMNet+(Shi %£,2022) il 10.44 13.77 62.42 81.74
CounTR(Liu%#,2023h) ANl 5.75 7.45 - -
CounTX (Amini-Naieni % ,2023) AR 11.96 16.61 - -
CLIP-Count( Jiang &5 ,2023) A 8.13 10.07 - -
VLCounter(Kang %5 ,2024) AR 6.46 8.68 48.94 69.08
Baseline (348 XA 9.15 11.66 61.23 87.35
CANet(A30) A 6.38 8.26 45.36 71.64

T L SRR SCA 7R T T v & S B e LS5 5 =" R RiZ0r TR X RO B b S5 SRR J0E 3Pty
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Hig, wEX, EFHR, FH, RS
$31%5 /E 18 /2026 £1 A MEEFEBIRF Y BRI

ZER . K% T CLIP-Count (Jiang % ,2023) , CANet 7£ TR ) 2 WA (AR AE N |
SHA |# RMSE M 308. 4 [#1% & 255. 8, 7£ SHB ¥

MAE M 45. 7 F5AK %2 38. 9. iX 225K CANet il %3 7EShanghaiTech HiE 5 b #Y2%2 RIFMRER

A5 3 3 5 AR SE ) B8 BE A 2 BRI Table 3 Cross-dataset evaluation on ShanghaiTech dataset

A nz AL rERE o SHA SHB
€5 J/R T 7F ShanghaiTech A& 4E AT MAE RMSE MAE RMSE

PACZE S TR 5o e B % T 25 B R 1 45 1 RCC(Hobley Fil Prisacariu,2022) 240.1 3669 66.6 104.8
f . [ TR R AR - A A% L NN 43 32 i CLIP-Count(Jiang 4§ ,2023) 192.6 308.4 457 77.4

Transformer 43 32 T K2 XL 53 =2 e i #% il 45 T 3000 &% Baseline (3£45) 204.1 3228 48.7 78.1
Ho E S5 LSS Rt — P EE T CANet 76 A B CANet(43) 145.6 2558 389 63.9

TR S5 R AR IANZALVERE , AT UR B v ik R R 4 5 B Dt

“green peas” “marbles” “strawberries”

“cashew nuts” “comic books” “apples

CLIP-Count

.= 86.90 88.02

VLCounter

68.09

CANet (430)

B4 T IORER B HAREOT ISR Z A HARION A a ILfes

Fig. 4 Visualization comparison between different text-promptable object counting methods across a diverse range of object categories

GT

CNN

Transformer

CANet (Z<30)

K5 7 ShanghaiTech NFEEHE A L (%) ] AL S,

Fig. 5 Visualization results of ShanghaiTech crowd dataset
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3.3 HERZ
3.3. 1 KT EMG ORI 751012k i 11 il 52 56

SRy HE DR AT R H bR A R ), AR SCHE
FUR—SCAZE I S %, 8 5| AR SCA R
PR IE AUREAKT . S T IIE XS S 1A R, A
SCH T ARG K 122 & CANet w/o Ly,o 40
FAFR B BRXT FF G , CANet 76 56 UE S A ik
£ Y MAE 2891 B FF1.28 F10. 92, X —45 3%
A 245 0 30 X L 2 2T ML sk T RS RLG H AR TE
S B XFERE ST, N $ R T e

6 JER T S50 b X BRI B 1 52 M, 4k
bR # R FSC-147 504 52 69 MAE $8 45 . W& 6(a) B
R YN AR BOACE o= 1 x 107 I, AR A B0 E 4
R AR E B AETERE . 2 KM p 2 T 806 5740
RESTHACTRE , A5 EA L ad 72 % 51
Fh) 5 A /N 2 55 X FEROR , S B0E A A
TR R W 6(b) FiR , S SCA KR
k >}y 5], CANet 75 FSC-147 B 3iF 4 5t 4 1 B
HAEvERE . 24 kad /e, X FRE AR i /D S SO A
P2 S ORI REAR B 22 5, R e DA IX 435 H Bl
T SCRAL A AR 5 24 kxR, X L2 3T i 2380 1
FMZ 8 25 AR 2= 2D etk Z 2l . 24
k = 5BF, CANet 7 U i 71 M T4k B8 1 =22 18] 35 2]
Mo X LI IR T B SCAS B R AE 28 0 5 e E
I BT YA B8 AR 27 > [X 3 A R 2 1) 1) S
YRR, Be W8 2% f% B A J5 15 A7 76 19 28 018 S A r

[

F4 KRTEETAIFHRKREEMEE

Table 4 Ablation study on the vision-text alignment loss

‘ i 4 ITEe S
Tk
MAE  RMSE  MAE  RMSE
CANet w/o L, 1657 6031 1543  102.24
CANet 1529 5772 14.51 98.43

TE R RS R & 5 R A4 2R

3.3.2 TR SARAS A B TH AL SR

T4 SGAE FSC-147 B EAR bR FH A0 SO 4%
# CANet #1725 9L /) GAME (grid average mean
absolute error) PEREFE AR (Li 55, 2018) P-4k, M3k T %
F CNN 43 3 F1 Transformer 43 3 B 28 K, 7 33E H
CANet(CNN) #l CANet(Trans) . W13 S PR, L 45

[~ SEE -~ A&
16 4 p
. v
§ 15 ‘h\/.
14
0.01 0.05 0.1 0.2 0.3

u
(a) AL E
[— GeiEfE -~ WNALE

16 —— —1

m
14
4 5 6 7
k
(b) IREE SO R B i

K6 ZHULMATRIITERE 0
Fig. 6 The impact of parameter variations on model
performance ((a) the loss weight;

(b) the number of shift text prompts )

R, Transformer 73 3 7E 4 Jay J2 11 04 714 HE 1 5
5 (GO F G1RAR AL ) , 1T CNN J3 3 W7 Joj 0 X 2k
BRI R (G2 M G3FEAR AR ) o X —
WG A A ST 1A L AT AR H S 0 o e i 42
PO S AT R A 1 R &, AT 75 CANet 75 4% T
GAME f5 b 3 UG e IR, #E— 2P B0k T 83+
AR

=5 FSC-147WIEE FH GAME 8RR
Table 5 GAME results on the validation set of FSC-147

‘ Wil 4
Jrik:
GO Gl G2 G3
CANet(CNN) 17.83 20.12 22.74 27.43
CANet(Trans) 17.25 19.33 23.32 28.95
CANet 15.29 17.63 20.54 25.62

E O TR R R % 5 e L4 2R

2 6 PR AL Y B3 SR A A T SIS0 2 R
71N W RRAS (R ST A 25 T AR SCHR L AR L) SR s
20 U ] [F]IHT4E 4 e 5 R A5 S S T2
RERCHEE, HRM T, CNN 2 320 T $e 4u
T DO T HERR U B AR5 2 OCH EL 1fij Trans-
former 73 S L ER A 5 B SUE R, AT
AR E AR TR MER M . AR SR TG U3 S Y
i, 0 R R — PR A T PR SR Y I
DIBE Ty, fi75 CANet BE 815 ] e 2 400k B2 B M A 25
[ — B A5 . B2 TIPS BT AR XL
93 SRR A VR AR SCHE R 6 Th EAT T AH G TH
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Hig, wEX, EFHR, FH, RS
515 S R B IR B89 B AR

AL o G R BR BRI (IE S CANet w/o IMF) ,
KBRS E S AN A [ 0 MAE 4351 BT+ T 0. 86 Fil
1.25,3X F 0 H AR AE Transformer 43 2 A1 CNN 43
S Z (A1 BB 3 i R 45 T OCEE R

FKTRE/R T CANet 5 HABKE T SRR /R 19 H A
B R A SR PR B LAY LU s R . &
B8, 5 CLIP-Count #H I , CANet Z 80 38 M T 0. 3
A, E 4 3L B AW T [ (0. 9 %), W] CANet Y
PERESE I A UK T S8 F T 5w 0y 38 i
FLART T, CANet o i i 45 19 2 8 i 29. 68 MB
(3.51%) , P gid & 1 2 80= 5118 750. 93 MB
(88.68%) , UEH T X} i s 45 A e fb 2 & LA
B

F6 XTFUHZFAMIFHHREE
Table 6 Ablation study on the dual-branch decoder

LioaT S IS
Jrik

MAE RMSE MAE RMSE
CANet(CNN) 17.83 6157 1692 112.88
CANet(Trans) 17.25 63.71 16.54 105.17
CANet(DC) 16.79 59.42 1630 107.98
CANet(DT) 1636 6133 1645 103.47
CANet w/o IMF 16.15 6048 1576 101.36
CANet 15.29 57.72 1451 98.43

E L P SRR 5 8 R AL 25

R7T SHEMEEERELR

Table 7 Comparison on parameters and inference speed

Frik SHCE/MB  HEHE T/ (i/s)

CLIP-Count(Jiang% ,2023) 633.56 23.89
VLCOunter(Kang% ,2024) 577.37 17.76
CANet(A30) 846.77 21.33

TE IR RS R & 9 B A4 2R

BEAN A SCA XTI CNN 2 > Transformer
FA) B R G S AR AR BEAT T I Rl SR 5, 43 g
CANet(DC) Fl CANet (DT) , 25 5 8l 733 3 26 48 {4 B 45
X IO B SRS R BT B T AE SR e AR 4
(XG5 S AR RS % | 3 — 2D AR T XU S ARt 45 7 fill
B4Ry 5 Ry FRARAE 7 T AR RO

&5 J@ 7 T A3 S i 2 PN A 43 S Tl 2%
LT HAL , 45 5 7R |, Transformer 43 32 i H 10 %5 &

V] ) o T A AR DX B Py 32 2 T 1777 CNIN 43 2 D) B
BT H AR a8 DI 2401, P 1 R P
WA SBT3 i P — 3
3.3.3 KT oA U T Al sr g6

AR SCERIA K F DINOvV2 5 BERT 1 b % 5 3¢
ARG RS o A I TE R TR T 5 AT 7 30k R 15 R 1
F 8 XTI T CLIP 5 BLIP 1 2 IR G B 25 114 P BE -
45 R R, CANet (CLIP) 41548 T4 F CLIP 1 2y 4 i
248975 8 VLCounter (Kang 45,2024 ) , 2 WK 50 %) 24
Tl 2 B R L8 A 14 3 17 P o
3.3.4 T UNZRTr = S 5

AR SCR VR 25 SCA ity g - S0 LR s 2 )
YR WE , 1M CLIP-Count(Jiang 55,2023 FH T VPT
(visual prompt tuning) 3X Ff' 55 S LR S WS o S 1
XF L 26 9 $ At TSR VPT 5 S0 i Sz e 25 51
ZH% E 5 CLIP-Count — 4 . 45 % 875, CANet 78
FDSHON G N PR W3 T, B0k T A S0 25
TREWE A RACE 5 e LB

*8 X THRILI[ENKEREE
Table 8 Ablation study on the backbone

‘ i g g
ik
MAE RMSE MAE RMSE
CANet(CLIP) 17.75 62.4 16.69 104.51
CANet(BLIP) 17.66 61.51 16.52 103.26
CANet 15.29 57.72 14.51 98.43

T MR TR 45 9 e AL 4

x99 XTFNEAXWHEREE
Table 9 Ablation study on the training setting

‘ KoL RS
ik
MAE RMSE MAE RMSE
CANet-VPT 15.93 59.47 15.26 100.87
CANet 15.29 57.72 14.51 98.43

T L PSR 5 8 e (L2

3.3.5 SRR

AR SCKG G M SO B TE = W S TR
3T B0 25 0 B %, 3 Rk AMAE = |MAE,,,,, -
MAE,, |IMAE..,. & MAE,,,, 3R BORAENHR R 4
AIFHEHY MAE MERE , MAE ., Fe7nBORIZE R 1%
TNTHEH MAE PEfE o A 3G a1 0 38 A5 4 i 2
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(B 0 FRiEZE R 0. 111 =5 37 1 75 55 UF CANet 196515
P4, iC & CANet (Noise) o S5 45 3 40 & 10 fr s,
CANet 7 il 12 EZR 7E w5 307 e A 41 T 19 AMAE Ky
6. 80% , MK IHP-FF T R AT M9 BE , B0 1iE T CANet
X A MRS T A B

F10 CANetHIE#FMINIELL
Table 10 Robustness evaluation about the CANet

‘ i g ik g
Jrit:
MAE RMSE MAE RMSE
CANet(Noise) 16.33 61.31 15.73 101.36
CANet 15.29 57.72 14.51 98.43

E R R R 2 5 e A4 2R

4 &

Xt FBUA 13T SCARER 19 B AR BOT A7 7R
(18 288 ) 85 SRt A R A i e 4 S IR 8 B R L A S
it — 4 A Mg R ik A g AR AR 5 R S3
SRR AR BT R T TR ) P R FORS
B o BT E A I B, CANet 1 5842 B 4
N DU BR R B 6 5 . AR SOR RN R S 21
PR 4R 1) RS — SCAR X6 52 SO TEAREAR X, 1 phy e
b 2 1) A B4 i % SCAS $ 7R 4L B R AR X6 DU A 47
BEANT o RIS, F T 22 B2 A1 5 A58 2 B 1)
R 5 EUR BRI, I 51 A UG —SCARZE 5%
FrA R LA AL S i A, D BAT 7 I A AE A 280
T ST %) ) L fof P A2 ) R A 0 — 25X 55, A
11175 TR A (R 2 B IRANBE F1 o N T H % B, AR
SCHRE T X3 S gt 4 , Hor CNN 4332 5 Transformer
43 3243 50 R Ak BN B R R AE 5 4 SR R AE
il 35 2 2 A5 B LB E e XUy S 22 8] AT L
Il AL, AN 43 SRR fil & 4 Jm 5 Ry 3B A
B, NI i — 25 3 8 B SRS R R O R 2
il B K3 S 1 48 SR A5 21 e L 4R B JB R 25 ] —
R T, LA SRR 74N A T4
A2 S TIE T A SO VR I B0 s Fniz
otk o ARRFRATE: 1 — 20 45 2 BMGR —SCAR 28 51 X
FEP 1 3E M L 8 KA B A A B R 1]
e, 5T B E M5 TR 4 A0 B B A R R0 A Y
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