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Figure 1. UMAP visualization of the feature space for images containing both squares and hexagons (used in the shape-selective counting
task). Left panel: UMAP projections of feature vectors from each layer, with each point (image) color-coded by its object count. The
top row is colored by the number of squares, and the bottom row by the number of hexagons. Right panel: sample images (the numbers

of squares and hexagons are shown beneath each image), where the border color corresponds to the color of the matching point in the

left-panel UMAP.

A. Additional Experimental Results

A.1. Feature Space Visualization: More Results

In Sec. 6.1 of the main paper, we presented UMAP visu-
alizations of the feature space for two real-image datasets.
In this section, we provide additional visualizations using
further datasets.

We first consider the selective counting tasks from
Sec. 4.2, where each image contains a mixture of squares
and hexagons on a black background (see Fig. 4(b) in the
main paper). The task is to count only the specified shape.

As described in the main paper, each image is processed
by the ImageNet-pretrained ResNet-50, and we extract fea-
ture maps from each layer. These feature maps are vector-
ized using global average pooling (GAP), resulting in 256-,
512-, 1024-, and 2048-dimensional feature vectors for Lay-
ers 1-4. For each feature space, we apply UMAP to the
combined set of 1,300 training and test images and visualize
the resulting 2D embeddings by color-coding each point ac-
cording to the object count. The results are shown in Fig. 1.

The Layer 3 visualization (third row of the left panel, la-
beled “L3”), which corresponds to the features yielding the
highest counting accuracy, is particularly informative. As in
the real-image datasets, the embeddings vary almost mono-
tonically with object count. Moreover, in this dataset, the

embeddings that reflect the number of squares (top row of
the left panel) and those that reflect the number of hexagons
(bottom row) are clearly separated, with distinct embedding
directions. This separation provides insight into why selec-
tive counting is achievable using pretrained features.

We also present the Layer 3 visualizations for all train-
ing and test images from ShanghaiTech A and B (1,198 im-
ages in total) in Fig. 2. Despite the significant variation in
the scale of people both within and across images—making
these datasets particularly challenging for counting—the
embeddings again show a clear structure aligned with ob-
ject count.

Taken together, these results further reinforce our central
finding: even without any task-specific training for count-
ing, ImageNet-pretrained features inherently encode object
count information within their feature space.

A.2. Color-Selective Counting Task

This section presents the experimental results for the color-
selective counting task, which were omitted from the main
paper due to space limitations. The task is defined on im-
ages containing red and blue discs of identical size placed
on a black background, and consists of three subtasks: (1)
counting only blue discs, (2) counting only red discs, and
(3) counting the total number of discs of both colors. The



=
=)
™

Count (log)

Figure 2. UMAP visualization for the counting task on Shang-
haiTech A/B. The border color of each sample image corresponds
to the color of the associated point in the UMAP plot. The num-
bers in parentheses indicate the object counts.

image generation procedure is described in Sec. B.1. The
scatter plots for the three subtasks are shown in Fig. 3, and
the corresponding prediction errors (MAE) are summarized
in Table 1.

As with the size-selective and shape-selective count-
ing tasks reported in the main paper, the pretrained model
achieves high accuracy when using features from Layers 2
and 3, while the randomly initialized model fails to perform
the task reliably.

A.3. Object Arrangement and Local Pooling

In the analysis of the effect of object arrangement in
Sec. 4.3, we evaluated feature aggregation using GAP
(Fig. 1(a) of the main paper). As described in the main pa-
per, when the spatial distribution of objects is consistent be-
tween training and testing (uniform during training and uni-
form during testing; U/U), the counting accuracy is highest.
When the distributions differ (U/C: uniform for training and
center-concentrated for testing, or C/U: center-concentrated
for training and uniform for testing), the accuracy decreases
to some extent.

Here, we additionally evaluate spatial aggregation using
local pooling (Fig. 1(b) in the main paper), varying the pool-
ing kernel size as k = 3, 5, and 7. The results are presented
in Table 2.

The overall trend is similar to that observed with GAP:
the U/C and C/U settings yield lower accuracy than the U/U
setting. However, using local pooling improves the overall
performance, resulting in accuracy that even surpasses the
U/U case with GAP. This indicates that local pooling pro-
vides greater robustness to changes in object arrangement.
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Figure 3. Selective-counting results for discs of different colors
(see Fig. 4(c) in the main paper for example images). The re-
gression model uses an MLP with 128 hidden units. Rows (top
to bottom) correspond to counting red discs, counting blue discs,
and counting the total number of discs. Columns (left to right)
correspond to Layers 1-4. The ImageNet-pretrained ResNet-50
is shown with circles (o), and the randomly initialized (untrained)
model with crosses (x).

Table 1. Accuracy (MAE) for the color-selective counting task.

Pretrained
L3

Counting
Task L2
Red
Blue
Both

Random Weight

L4 | L1 L2 L3 L4
4.09 |10.84 10.90 10.53 10.04
9.62 9.34 10.25 8.85

Table 2. Counting accuracy (MAE) when the object arrangement
differs between training and testing. The task is to selectively
count hexagons in images containing both squares and hexagons.
Results are shown for different kernel sizes of the local pooling
method.

Train / Test | Kernel | L1 L2 L3 L4

3 0.57
5 0.61

vy 7 0.68
GAP 1.86 1.65

3 315 064 061 070

Urc 5 | 438 048 069 084

7 421 090 0.64 091

GAP | 544| 196 1.03 2.6

3 338 0.84 065 0.95

cIU 5 | 416 0510 063 1.07
397 0.88 065 098

7
GAP | 535 190 1.09 2.29




A.4. Evaluation Results of ViT Models

In the experiments of Sec. 4, we primarily used ResNet-
50, and the evaluation of ViT models was limited to the
object-counting task with varying backgrounds presented in
Sec. 4.5. In this section, we report additional results for four
ViT models—AugReg [38], CLIP [30], DINOv2 [28], and
MAE (Masked Auto-Encoder) [10]—on the other tasks de-
scribed in Sec. 4. For completeness, we also include the re-
sults of randomly initialized models; however, there should
be no substantial theoretical differences among these mod-
els.

Details of Vision Transformer Models We employed
four Vision Transformer (ViT) models sourced from the
timm library. The specifications of these models are sum-
marized in Table 3. Input images were resized to the res-
olution required by each model. For the ViT models, GAP
features were computed by averaging the patch tokens while
excluding the CLS token.

Simple Case Table 4 presents the results of the four ViT
models on the simple case in Sec. 4.1—counting discs
of a single size on a black background. The overall
trends are consistent with those reported for the ImageNet-
pretrained ResNet-50. Even with random weights, the mod-
els can accurately count large discs but fail on smaller
ones. Pretrained models achieve stable accuracy across disc
sizes, with the best performance generally appearing in the
mid-to-late blocks (B7-B11). Among the models, MAE
(Masked Auto-Encoder) performed best, whereas DINOv2
showed the lowest accuracy.

Table 4. Accuracy (MAE) for counting single-size discs with ra-
dius r pixels, using intermediate features from various ViT mod-
els. BO-B11 denote the blocks of each ViT model, ordered from
the input side toward the output side.

Model r BO Bl B2 B3 B4 BS B6 B7 B8 B9 B0 BIl
5 1.09 139 136 131 164 138 121 095 1.01 110 127 124
. 15 .05 1.09 113 117 120 124 102 082 086 094 092 1.00
Pretrained
25 0.80 086 089 088 105 097 080 073 0.65 0.64 0.69 0.70
50 029 031 036 035 035 033 030 024 023 023 026 023
AugReg
Random
Weight
5 918 628 198 224 223 246 219 265 283 201 192 147
Pretrained 15 1.75 161 168 176 209 243 230 193 1.8 159 144 128
25 142 142 132 138 112 131 153 160 1.61 140 1.64 128
CLIP 50 040 045 053 053 035 032 039 039 050 041 042 045
Random
Weight
Pretrained
DINOv2
Random
Weight
Pretrained
MAE
Random
Weight

Size-Selective Counting Table 5 reports the MAE results
for the Size-Selective Counting task described in Sec. 4.2.

Table 5. Accuracy (MAE) for size-selective count using interme-
diate features from different ViT models.

Model T BO Bl B2 B3 B4 B5 B6 B7 B8 B9 BI10 Bl
20 | 974 940 783 808 663 744 577 664 469 485 477 422
Pretrained | 25 | 7.65 734 7.00 656 473 545 497 441 384 348 333 296
Boh | 290 269 236 257 301 298 314 322 326 3.2 288 228
20 [1071 1054 1041 1032 1021 1028 1014 1012 988 982 992 991
25 | 656 658 651 639 633 636 619 624 618 617 621 623
Both | 395 386 381 388 388 386 3.86 385 389 380 378 3.8
20 [1021 1008 951 925 923 945 955 989 965 964 934 869
Pretrained | 25 | 793 791 778 752 736 7.02 7.5 701 668 669 659 632
Both | 421 426 394 343 291 345 373 416 400 396 381 3.66
20 [1052 1019 1023 1010 10.19 1024 1007 992 1001 982 977 978
25 | 651 641 644 644 641 637 636 632 636 632 633 614
Both | 383 368 3.77 370 3.68 3.66 359 3.60 3.64 3.62 362 3.65
20 [1040 1084 1044 1008 1007 999 981 971 674 731 480
Pretrained | 25 | 859 838 861 841 780 746 744 716 647 471 463 332
Both | 972 1027 (1151 1058 484 390 385 370 378 3.63 363 228
20 1081 1083 10.85 1085 1081 1081 1081 10.80 10.79 10.82 1078 10.79
25 | 664 662 660 662 668 661 667 665 664 666 662 664
Both | 402 401 400 404 397 398 396 394 396 397 397 3.9
20
Pretrained 25
Both
20 [1055 1015 1007 1005 988 993 997 990 967 971 977 972
25 | 648 638 631 620 625 612 617 621 606 602 588 584
Both | 381 382 363 3.60 358 363 368 3.60 358 360 359 3.62

AugReg
Random
Weight

CLIP
Random
Weight

DINOv2
Random
Weight

Random
Weight

In this task, the performance varies considerably across
models, and their behavior differs from that of ResNet-
50 reported in the main text. First, the models with ran-
dom weights (common to all ViTs) perform reasonably well
for total counting but fail entirely at size-selective count-
ing. Among the pretrained models, MAE performs best: its
mid-to-upper blocks exhibit the highest accuracy, reaching
a level close to that of ResNet-50. In contrast, AugReg and
DINOV2 show only modest accuracy near their top blocks,
and overall performance remains low. CLIP, in particular,
performs no better than random weights.

For reference, Table 6 shows the results obtained by in-
creasing the number of hidden units in the MLP from 128
to 1,024. All models exhibit some improvement, and the
lower mid-level blocks of AugReg achieve moderate accu-
racy. These results suggest that certain intermediate lay-
ers of these models do contain the information required for
size-selective counting, but that this information is encoded
in a more complex (more nonlinear) manner than in ResNet-
50 or MAE.



Table 3. Vision Transformer models used in our experiments. All models are taken from the t imm library.

Model Backbone Pretraining Input size timmID

AugReg [38] ViT-B/16  Self-supervised (AugReg)  224x224  vit_base_patchl6.224.augreg_in2lk_ft_inlk
CLIP [30] ViT-B/16 Image—text (CLIP) 224 %224 vit_base_patchl6.clip-224.openai
DINOvV2 [28] ViT-B/14 Self-supervised (DINOv2)  518x518 vit_base_patchl4_dinov2.lvdl42m
MAE [10] ViT-B/16 Self-supervised (MAE) 224 %224 vit_base_patchl6.224.mae

Table 6. Accuracy (MAE) for size-selective counting using inter-
mediate features from different ViT models when an MLP with a
hidden dimension of 1024 is employed.

evaluate ResNet-50 in Sec. A.2, where the model selectively
counts red and blue discs).

Model r BO Bl B2 B3 B4 BS B6 B7 BS B9 BI10 _BIl
20 732| 3.86 | 1.93 179 1.89° 216 239 252 292 321 337 323
Pretrained 25 539 337 156 149 160 186 202 196 216 229 234 226
AugReg Both 240 186 120 142 126 138 139 151 174 147
Random 20 9.66 931 868 811 762 762 741 723 711 702 679 686
Weight 25 608 608 562 530 503 505 501 480 472 464 445 445
Both 347 349 342 338 338 336 328 326 330 329 3.11 3.15
20 984 919 673 452 447 523 639 715 614 606 552 557
Pretrained 25 736 7.1 587 421 361 419 465 505 464 455 415 431
cLp Both 335 291 241 196 2.10 239 268 3.00 2.83 293 2.65 242
Random 20 947 921 843 841 804 780 770 753 739 731 719 7I3
Weight 25 6.12 577 541 531 506 495 491 484 465 468 459 465
Both 343 345 334 338 344 333 330 331 327 321 320 3.17
20 1006 1003 1008 978 949 861 813 697 513 3.66 403 334
Pretrained 25 761 774 771 750 7.03 615 572 479 345 254 275 253
DINOV2 Both 264 314 325 349 317 296 280 2.69 286 191 2.06 155
Random 20 10.16 10.15 10.01 994 9.73 9.80 9.66
Weight 25 647 648 642 636 634 632 629 622 617 603 615 6.02
Both 387 385 385 387 388 384 382 377 375 371 374 3.70
20 418 240 206 168 162 149 131 138 153 1.84
Pretrained 25 330 178 163 131 122 120 143

MAE Both 251 194 202 153

Random 20 951 880 828 790 772 751 735 729 743 735 725 698
Weight 25 584 539 521 499 487 474 470 463 472 471 465 448
Both 350 335 337 328 328 334 326 335 324 332 327 3.19

Table 8. Accuracy (MAE) for color-selective counting using inter-
mediate features from different ViT models.

Model Task B0 Bl B2 B3 B4 BS B6 B7 B8 B9 BI0 _ BIl
Red 124 120 131 134 191 1.90 162 164 174 164 1.82 1.78
Pretrained | Blue 127 108 1.19 126 195 158 1.80 1.63 180 1.55 173 1.63
AugReg Both 244 221 213 241 241 240 234 218 1.66 1.64 1.63 1.58
Random Red 0.94  0.82 0.79
Weight Blue 100 090 091 094 08 08 08 085 085 085 084 082
Both 354 273 149 151 140 139 133 129 132 135 131 134
Red 246 241 335 460 6.02 696 595 535 593 414 343 288
Pretrained | Blue 238 199 253 429 624 636 508 518 464 444 376 220
cLp Both 414 329 28 297 270 341 355 344 413 408 364 392
Random Red 118 115 111 110 1.12 106 1.06 1.03 1.04 1.03 1.00 1.01
Weight Blue 1.09  1.04 105 1.05 097 094 090 090 091 090 0.88 0.90
Both 216 211 201 199 198 187 1.8 179 178 177 170 1.73
Red 9.09 1025 1024 945 9.02 9.0 883 859 848 726 761 6.03
Pretrained | Blue 8.88 9.88 985 870 856 856 847 857 821 792 795 632
DINOV2 Both | 10.60 1146 948 646 340 306 3.14 245 222 242 170
Random Red 131 1.31 1.31 131 1.31 1.31 131 1.31 1.31 131 1.31 1.32
Weight Blue L1 L L2 L1 L L 112 L1 L L L L
Both 239 248 237 236 242 237 242 238 247 241 240 239
Red 083 083 078 088 089 084 08 08 08 093 101
Pretrained | Blue 0.86 083 086 1.00
MAE Both 1.06 109 125 115 123 106 1.02 093 081 0.82 0.88
Random Red 112102 096 091 091 08 08 088 088 084 084 079
Weight Blue 101 095 092 088 08 08 08 08 087 083 084 082
Both 205 1.86 179 1.66 1.64 1.58 157 1.54 1.61 149 150 143

Shape-Selective Counting Table 7 presents the MAE re-
sults for the Shape-Selective Counting task described in
Sec. 4.2. In this task, all models show results compara-
ble to those of ResNet-50. Models with random weights
fail to perform the task, while pretrained models achieve
relatively high accuracy in the mid-to-late blocks (approxi-
mately B7-B11), with some variation across models.

Table 7. Accuracy(MAE) for shape selective count using interme-

diate features from different ViT models.

Model Task | BO Bl B2 B3 B4 BS _B6 B’ B8 B9 BI0 Bl
Square | 491 450 232 088 080 074 083 082 085 084 085 083
Pretrained | Hexagon| 529 484 285 100 092 086 088 081 086 096 091 086
Aughe Both | 082 086 086 084 107 092 112 1.03 088 100 091 086
Random | Sauare [ 508 507 504 504 504 502 503 504 503 502 502 502
Weigy | TExion| SI3 SIS S12S13s12SULSUSI3S12 513 SIL 510
Both | 044
Square | 497 498 476 347 160 109 095 LI5S 098 094 091 095
Pretrained | Hexagon| 533 528 505 3.67 155 108 116 107 106 102 098 095
cup Both | 145 141 125 136 109 125 135 152 131 142 137 131
Random | Suare [ 506506 504 505 503 503 503 504 504 504 505 504
Weigh | [1egon| 513 _s1s 51312 513 S13 S04 513 S04 sls si4 sl
Both 040
Square | 524 504 538 497 460 309 138 120 096 098 097 094
Pretrained | Hexagon| 578 578 583 530 498 357 172 141 116 094 LI5 098
DINOV2 Both | 590 58 7.09 476 242 176 156 138 111 100 0.99 076
Rondom | Sauare | 510 5100 510 510 510 510 509 510 510 510 509 509
. Hexagon| 513 501 511 511 512 501 503 513 513 513 512 Sl
Weight
Both
Squire | 490 464 414 275 LI8 097 076 073 072 073 078 093
Pretrained | Hexagon| 5.8 490 406 317 122 1.0l 081 072 074 080 086 1.03
MAE Boh | 053 050 041 052 051 045 042 040 039 043 046 056
Rendom | Sauare [ 505506 506 505 504 503 503 503 503 503 505 503
Weight | Hexieon| 513 S1L509 510 S11_S10S1LS10 510509 508 510
Both | 036 041

Color-Selective Counting Table 8 presents the results for

the Color-Selective Counting task (the same task used to

This task exhibits trends that differ from the other
tasks. First, the random-weight models achieve surprisingly
high accuracy—surpassing even the pre-trained ResNet-
50. Moreover, for most models except MAE, the random-
weight version performs better than the pre-trained one. For
CLIP and DINOV2, the pre-trained models not only under-
perform their random-weight counterparts but fail almost
entirely at the task. In contrast, the pre-trained AugReg
model shows a drop in performance but still maintains ac-
curacy comparable to ResNet-50. MAE (Masked Autoen-
coder) consistently achieves high accuracy across tasks; it is
the only model that outperforms its random-weight counter-
part, and thus exceeds the performance of ResNet-50. Ta-
ble 9 shows the results obtained when increasing the hidden
dimension to 1024. As in the previous tasks, all models
exhibit substantial improvement, while the relative ranking
among models remains unchanged.

These findings offer several insights into how these mod-
els preserve color information in their feature representa-
tions. First, the strong performance of random-weight mod-
els suggests that the architectural structure itself plays some
role in representing color information. Second, the severe
degradation observed in some pre-trained models indicates
that the way color information is encoded in the learned fea-
tures differs significantly across models.



Table 9. Accuracy (MAE) for color-selective counting using inter-
mediate features from different ViT models when an MLP with a
hidden dimension of 1024 is employed.

Model Task | BO Bl B2 B3 B4 B5s _Bo B7 _BS B9 Bl0 BIl
Red o.ss- 083 085 090 087 09 107 108 103 121 117
Pretrained | Blue | 0.82 079 083 086 089 097 103 LI5S 107 129 124
Auge Both | 116 105 121 093 099 101 109 129 117 115 131 123
Random | Red | 083077 076 077 074 075 074 074 0.74
Weig | Blue [ 083 083 076 074 075 075 075 074
Both 1.51 145 1.33 122 1.31 1.20 1.26 1.22 123 1.23 1.24 118
Red | 129 097 117 113 L12 146 121 139 147 148 144 180
Pretrained | Blue | 130 100 100 106 120 125 136 151 149 163 146 155
cup Both | 230 182 158 148 146 150 175 192 210 198 193 207
Rendom | Red | 116 107 106 101 099 098 095 092 093 091 091 090
Weight | Blue | LI 105 102 101 100 098 095 091 0% 086 086 084
Both | 218 202 199 192 1.89 185 179 173 165 1.64 164 L6l
Red 303 354 288 277 334 342
Pretrained | Blue 332 313300 254 342 314
Both 1.45 1.99 1.44 1.41 117 097 1.02 093
DINOv2 tondom | Red | 131 132 13 131 131 132 131 132 131 131 L3l 131
Weigh | Blee | LU LI LI L LI LI L0 LU LU L L L
Both 236 236236 236 236 236 2.36
Red
Pretrained | Blue
VAE Both
Red
Random | - L0
Weight |

Robustness to Background Variation Table 10 presents
the results for the Robustness to Background Variation task
described in Sec. 4.4. While Table 7 in Sec. 4.5 showed
a subset of these results, this table provides the complete
version. For all ViT models, robustness to background vari-
ation is observed, consistent with the behavior of ResNet.
Although the exact performance varies across models, ac-
curacy is generally highest in the mid-to-late blocks (ap-
proximately B7-B11).

Table 10. Accuracy (MAE) for counting colored discs in varying
backgrounds using intermediate features from different ViT mod-

els.

Model

AugReg

CLIP

DINOv2

Pretrained

Random
Weight

Pretrained

Random
Weight

Pretrained

Random
Weight

Pretrained

259 2.64 270 2.88 291

Random
Weight

2.60
4.87

238
4.51

4.83  4.52 4.43



A.5. Scatter Plots Omitted from the Main Paper

In the main paper, we presented both the
prediction—ground-truth scatter plots and the MAE ta-
bles only for the initial simple case using a linear regressor.
For all subsequent experiments, only the MAE tables were
shown. In this section, we present the corresponding scatter
plots for each experiment. Note that all plots shown here
are for the ImageNet-pretrained ResNet-50 model.

Figure 4 shows the scatter plots for the single-size disc
counting task in Sec. 4.1 when using the MLP regressor
(m = 128). These plots correspond to Table 2 and visu-
ally support the analysis discussed in the main paper.

Figure 5 shows the results of the selective counting task
for disc sizes described in Sec. 4.2, and Figure 6 shows
the results for the selective counting of polygonal shapes.
These correspond to Tables 3 and 4 in the main paper, re-
spectively.

Figure 7 shows the scatter plots for the colored-disc
counting task under varying background conditions de-
scribed in Sec. 4.4. They correspond to Table 6.

Figure 8 shows the results when the spatial distribu-
tion of discs differs between training and inference. The
discs are either placed uniformly at random over the im-
age or concentrated near the center. An example is shown

25 5 25 5 25 5

25 50
20 — 20 — 20 — 20 .

10 e 10

10 20 © 10 20 % 0 20 % 10 20
GT GT Gr GT

Figure 4. Counting results for single-size discs (plot version of Ta-
ble 2 in the main paper). The regression model uses an MLP with
128 hidden units. Rows (top to bottom) correspond to disc radii r
=5, 15, 25, and 50 pixels, and columns (left to right) correspond to
Layers 1-4. The ImageNet-pretrained ResNet-50 is shown in dark
blue circles, and the random-weight (untrained) model in orange
crosses.

42 42 85 42 85 42 85
GT GT GT GT

Figure 5. Selective-counting results for target disc sizes in images
containing multiple disc sizes (plot version of Table 3 in the main
paper). The regression model uses an MLP with 128 hidden units.
Rows (top to bottom) correspond to the cases where only discs
with 7 = 20 are counted, only those with » = 25 are counted, and
both are counted, respectively. Columns (left to right) correspond
to Layers 1-4.
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30

% 50 % % 20 % % 50 % % 50
GT GT GT GT
Figure 6. Selective-counting results for target shapes in images
containing both squares and hexagons Counting results for single-
size discs (plot version of Table 4 in the main paper). The re-
gression model uses an MLP with 128 hidden units. Rows (top to
bottom) correspond to counting only squares, only hexagons, and
both shapes, respectively. Columns (left to right) correspond to
Layers 1-4.

in Fig. 4(d) of the main paper. This figure corresponds to
Table 5 in the main paper.

Figure 9 shows the results of the various ViT models on
the same task—counting colored discs under varying back-
ground conditions—described in Sec. 4.5. This corresponds
to Table 7 in the main paper.
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Figure 7. Counting results for disc images with different back-
grounds (the plot version of Table 6 in the main paper). The re-
gression model uses an MLP with 128 hidden units. Rows (top
to bottom) correspond to: black background, fixed background
shared between training and inference, and random background
for both training and inference. Columns (left to right) correspond
to Layers 1-4.

L1

® pretrained

15 15 3 15 30 15
GT GT GT GT

Figure 8. Results of disc counting when the spatial distribution
of discs differs between training and testing. Rows correspond to
Train/Test settings in the order U/U, U/C, and C/U from top to
bottom, and columns correspond to Layers 1, 2, 3, and 4 from left
to right.

BO i B4 B8 i B11

o pretrained
random

25 0 25 51 25 El 25 51
GT GT GT GT

Figure 9. Counting results for discs over random natural-image
backgrounds, showing the performance of various ViT models
(plot version of Table 7 in the main paper). A 128-unit MLP is
used as the regression head. Rows (top to bottom) correspond
to AugReg, CLIP, DINOvV2, and MAE, respectively, and columns
(left to right) correspond to Blocks 0, 4, 8, and 11.



B. Details of Experimental Settings

B.1. Synthetic Data Generation Procedures

This section describes the synthetic image generation pro-
cedures used in the experiments in Sec. 4 of the main paper.

Single-Size Disc Images (Sec.4.1) Eachimageisa512x
512 black canvas onto which we draw n white discs of ra-
dius r, where n is sampled uniformly from [0,50]. Disc
centers are sampled uniformly within the region that en-
sures the entire disc lies inside the image (i.e., with a mar-
gin of r pixels). If a sampled center causes overlap with an
existing disc, it is resampled up to a fixed retry limit. Ren-
dering stops when either n discs have been placed or the
retry limit is exceeded. In the latter case, the number of
successfully drawn discs is taken as the ground-truth count,
resulting in a quasi-uniform spatial arrangement. For each
radius r € {5, 15, 25,50}, we generated 1,000 training im-
ages and 300 test images.

Disc Images with Multiple Radii (Sec. 4.2) Using the
same canvas configuration, we draw discs of two radii,
r = 20 and » = 25. For each image, the number of
discs of each radius is independently sampled from [0, 50].
Disc centers are sampled uniformly within the valid region
and resampled when overlapping, up to a retry limit. The
two disc types are rendered in alternating order. As before,
rendering terminates when the target counts are reached or
when retries exceed the limit; in the latter case, the num-
ber of placed discs becomes the ground truth. We generated
1,000 training and 300 test images.

Images with Different Shapes (Squares and Hexagons;
Sec. 4.2) We render squares and regular hexagons on a
512 x 512 black background. The size of each shape is cho-
sen so that its area matches that of a disc with radius r = 25.
For each shape type, the target count is sampled uniformly
from [0, 30]. Shapes are positioned by sampling center lo-
cations uniformly within the valid, non-overlapping region.
Overlap is determined using the sum of the circumradii.
Shape orientation is randomized. The two shape types are
rendered alternately. Rendering for each type stops when
the target count is reached or the retry limit is exceeded;
the number of successfully placed shapes then becomes
the ground truth. To reduce aliasing, we first render at
1,024 x 1,024 resolution and downsample to 512 x 512 us-
ing LANCZOS interpolation. We generated 1,000 training
and 300 evaluation images.

Disc Images with Different Colors To evaluate color-
selective counting (not included in the main paper), we gen-
erate images containing red and blue discs (radius r = 20)

on a 512 x 512 black background. The number of discs of
each color is independently sampled from [0, 50]. As with
previous settings, disc centers are sampled to avoid bound-
ary overflow and overlap, and placement attempts alternate
between the two colors. Rendering stops when the target
counts are reached or when retries exceed the limit, and the
number of successfully placed discs is used as the ground
truth. We generated 1,000 training and 300 evaluation im-
ages.

Object Arrangement Images in which objects are ar-
ranged with a central bias rather than uniformly at ran-
dom are generated by extending the setting used for eval-
uating shape-selective counting. First, for discs with a ra-
dius 7 = 25, we determine the sizes of squares and regular
hexagons so that their areas match those of the correspond-
ing discs. For each image, the target numbers of squares and
hexagons are sampled uniformly from the range [0, 30], and
the two shape types are placed alternately. During place-
ment, the center of each shape is sampled from an isotropic
Gaussian distribution whose mean is the image center and
whose variance is set to 30% of the image radius. If a sam-
pled shape overlaps an existing one or extends outside the
image boundary, the placement is retried. Rendering stops
when the target number of shapes has been placed or when
the retry limit is exceeded, and the number of successfully
placed shapes at that point is used as the ground-truth count.

We generated 1,000 training images and 300 test images.
Each image is first created at a resolution of 1024 x 1024
and then downsampled to 512 x 512. The task is selective
counting of hexagons.

B.2. Details of the Real-Image Experiments (Sec. 5)

This section describes the details of the experimental setup
for real-image evaluation presented in Sec. 5 of the main
paper.

The model architecture is as follows. We use ResNet-50
(timm: resnet50.al_inlk) as the backbone. Based on
the findings from the synthetic-image experiments, we use
the output feature map from Layer 3 and perform spatial ag-
gregation using local pooling, as illustrated in Fig. 1(b) of
the main paper. The kernel size is set to 3 x 3. The regres-
sion head is a two-layer MLP with a hidden dimension of
128. The input images undergo the following preprocess-
ing: the short side is padded with black pixels to make the
image square, after which it is resized to 512 x 512 and nor-
malized using the ImageNet mean and standard deviation.

During training, we use MSE as the loss function and
AdamW for optimization, with a learning rate of 1 x 103
and a weight decay of 0.05. The learning rate is sched-
uled using CosineAnnealingLR (7},,x = 60). The model is
trained for 60 epochs with a batch size of 16.



C. Details of Methods
C.1. Local Pooling

As described in Sec. 3, our primary approach aggregates
intermediate feature maps using global average pooling
(GAP), feeds the resulting vector into an MLP, and re-
gresses the object count. In addition to this baseline, we
also experimented with an alternative method that applies
local average pooling of size k x k, feeds each pooled fea-
ture vector into an MLP, and sums the outputs to obtain the
final count. A brief overview was provided at the end of
Sec. 3; here, we describe the method in detail.

Given an intermediate feature map F' € R¥>*"*¢ we ap-
ply local average pooling of size k x k with non-overlapping
windows, effectively performing & : 1 downsampling. We
denote this operation by AP*. Applying it to F' yields

F = APk(F) c R[w/k]x!’h/lﬂxc.

Let (4, j) denote a spatial location in the pooled feature map
F’. At each location, we apply the same regression model
independently, and the final prediction is obtained by sum-
ming all outputs. Let APIZ ;(F') € R¢ be the feature vector
at location (i, j). The regression is then computed as

y=>_ g(AP};(F1);0), 3)
i,J

where g is a two-layer MLP, identical to the one used in the
GAP-based method.

C.2. Visualization of Feature-map Attributions

In Sec. 6.2, we visualize feature-map attribution—that is,
how each element of the feature map contributes to the pre-
diction y for a given image /—using the Gradient x Input
method [13,33]. The details are described below.

For each feature map F' € R¥*"*¢ obtained from a
given layer of ResNet-50, we compute the attribution at
each spatial position (4, j) as the inner product between the
channel-wise gradient dy/0f;; € R and the feature vector
fi; € R

ou \ T
Attribution(i, j) = < Y ) fir- 4)
Ofij
Note that the attribution obtained using Gradient x Input
is known to be equivalent to the first-order relevance term
in Layerwise Relevance Propagation (LRP) [2].
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