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Abstract001

This work investigates the use of vision-002
language models (VLMs) and object detection003
methods for identifying the number of items004
in grocery carts from images, relevant for en-005
abling automated checkouts without requiring006
RFID or NFC tagging. Accurate item counting007
is important for retail automation, as manual008
labeling or per-item tagging is costly and im-009
practical considering the scale of the U.S. retail010
food industry, which exceeds $700 billion in an-011
nual sales (Zeballos, 2025). We evaluate three012
approaches on a manually annotated dataset013
of approximately 600 top-down grocery cart014
images: zero-shot prompting with Gemini 3.1015
Flash Lite (Google DeepMind, 2026), a fine-016
tuned Qwen3-VL-2B-Instruct model (Bai et al.,017
2023), and a zero-shot YOLOv8-based detec-018
tor (Jocher et al., 2023) that estimates counts019
via bounding box predictions. Performance is020
measured using Mean Absolute Error (MAE)021
against the average of three human annotator022
counts on a top-down grocery cart image. Gem-023
ini achieved an MAE of 3.126 with a positive024
bias of +1.262 items, Qwen3-VL-2B-Instruct025
improved to an MAE of 1.520 after 10 epochs026
of fine-tuning, and YOLOv8 achieved the best027
overall result of MAE 1.466 with a ±1 accuracy028
of 57.41%. Across all methods, error increased029
with item count, with dense and occluded carts030
posing the greatest challenge, suggesting that031
structured detection or task-specific training is032
necessary for reliable performance in cluttered033
retail environments.034

1 Introduction035

In 2019, there were roughly 115,000 food stores036

in the United States alone that sold around $717037

billion of retail food products in 2019, with grocery038

stores counting for around 92% of those sales (Ze-039

ballos, 2025). This industry operates at an incredi-040

bly large scale, and any improvement to checkout041

and inventory processes could result in billions of042

dollars in savings annually. As the online shop- 043

ping industry continues to grow at an exponential 044

rate, implementing a more cost-effective checkout 045

pipeline is essential for grocery stores and other 046

retailers to stay afloat. Additionally, as customer 047

expectations for fast shopping experiences and dis- 048

dain for long lines and checkout processes grow, 049

there is increasing pressure to implement a faster 050

checkout pipeline. 051

Current checkout systems rely on cashiers or cus- 052

tomers manually scanning barcodes or RFID tags 053

on individual items. These methods are slow, rely 054

on manual labor, and expensive to scale across di- 055

verse product catalogs. In this work, we investigate 056

whether computer vision models can accurately 057

identify items present in a top-down image of a 058

grocery cart, therefore being able to estimate their 059

quantities. If successful, this method would ide- 060

ally eliminate the need for barcodes or RFID tags 061

entirely. 062

To address this problem, we apply three differ- 063

ent models to overhead images of grocery carts 064

containing arrangements of consumer items. The 065

idea is that top-down images provide a clear, con- 066

sistent view of cart contents, allowing us to effec- 067

tively detect and count items. We first manually 068

annotated ∼200 top-down images per collabora- 069

tor on a dataset provided by our research mentors. 070

We then train and evaluate each model’s ability to 071

count the total number of items on the annotated 072

images, identifying the mean absolute error for 073

each model’s predictions. 074

Our contributions are threefold: (1) we imple- 075

ment and evaluate both prompting and object detec- 076

tion models for identifying top-down grocery cart 077

items, valuing performance on count accuracy; (2) 078

we analyze model behavior on different volumes 079

of carts, identifying which specific patterns are the 080

primary cause of error; and (3) we discuss the prac- 081

ticality of this approach replacing barcode/RFID 082

systems. 083
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The remainder of this paper is organized as listed:084

Section 2 reviews related work in retail scanning085

computer vision and object detection, Section 3086

describes our dataset and all preprocessing done,087

Section 4 details the methodology and problem for-088

mulation, Section 5 outlines the experimental setup089

and all of the training details, Section 6 presents090

results and analysis, Section 7 concludes with a091

broader discussion, Section 8 addresses the limita-092

tions of our approach, and all references are com-093

piled at the end.094

2 Related Work095

Retail product detection and recognition. Au-096

tomated checkout has historically been formu-097

lated as an object detection problem on densely098

packed retail scenes. Goldman et al. (2019) intro-099

duced SKU110K, a dataset of crowded supermar-100

ket shelves designed to expose the failure modes101

of generic detectors when objects are small, re-102

peated, and overlapping, and proposed a Gaussian-103

mixture loss to handle dense layouts. Wei et al.104

(2019) released RPC, a large-scale checkout dataset105

with both single-product images and multi-product106

checkout scenes. Both papers report that off-the-107

shelf detectors such as Faster R-CNN (Ren et al.,108

2015) and YOLO (Redmon et al., 2016) degrade109

sharply on dense retail imagery, and both rely on110

heavy per-product annotation budgets. Our work111

targets a strictly weaker output, only the count,112

not the SKU, and asks how far we can get with-113

out product-level labels. Additionally, we utilize114

VLMs and target items in grocery carts instead of115

on shelves.116

Object detection backbones for counting.117

Counting by detection is a long-standing base-118

line. Two-stage detectors such as Faster R-CNN119

(Ren et al., 2015) and one-stage families such as120

YOLO (Redmon et al., 2016; Redmon and Farhadi,121

2018) and DETR (Carion et al., 2020) can be repur-122

posed for counting by simply summing predicted123

boxes. Recent open-weight YOLO releases such124

as YOLOv8 (Jocher et al., 2023) are pretrained on125

COCO (Lin et al., 2014) and provide strong zero-126

shot performance on common everyday objects,127

many of which appear inside grocery carts (bottles,128

cans, boxes). We use YOLOv8 in this zero-shot129

mode as a representative detection-based counting130

baseline rather than retraining it on annotated cart131

images.132

Density-based and class-agnostic counting. For 133

scenes too dense for box-level detection, a parallel 134

literature counts via density regression. Zhang et al. 135

(2016) (MCNN) and Li et al. (2018) (CSRNet) 136

regress per-pixel density maps for crowd counting, 137

integrating to obtain a count without ever local- 138

izing individuals. More recently, class-agnostic 139

counting methods such as FamNet (Ranjan et al., 140

2021) count arbitrary objects given a few exemplar 141

boxes. These approaches are robust to extreme den- 142

sity and occlusion but typically require either dot 143

annotations on full training sets or exemplar selec- 144

tion at test time. Our dataset is annotated with dots 145

specifically to make this family of methods possible 146

in future work, although we leave a density-map 147

model out of the present comparison. 148

Vision-language models and counting. Large 149

multimodal models such as CLIP (Radford et al., 150

2021), Flamingo (Alayrac et al., 2022), BLIP-2 151

(Li et al., 2023), LLaVA (Liu et al., 2023), and 152

Qwen-VL (Bai et al., 2023) have demonstrated 153

strong zero-shot reasoning over images. However, 154

dedicated evaluations have repeatedly shown that 155

counting is a particular weakness of these models. 156

Paiss et al. (2023) document systematic counting 157

errors in CLIP and propose a contrastive objective 158

to address them; Rahmanzadehgervi et al. (2024) 159

show that frontier VLMs miscount even small num- 160

bers of overlapping shapes. Frontier closed models 161

including Gemini 3.1 (Google DeepMind, 2026) 162

and GPT-4V (OpenAI, 2023) have improved on 163

these benchmarks but, as our experiments show, 164

still trail task-specific systems in cluttered domains. 165

Our work positions itself at this exact failure mode, 166

asking whether modest task-specific fine-tuning of 167

a small open VLM can close the gap with much 168

larger frontier models. 169

Fine-tuning multimodal models for downstream 170

tasks. A growing body of work shows that small 171

open-weight VLMs can match or exceed much 172

larger zero-shot models when fine-tuned on a few 173

hundred to a few thousand task-specific examples. 174

LLaVA-1.5 (Liu et al., 2024) and Qwen-VL (Bai 175

et al., 2023) both report substantial gains from su- 176

pervised instruction tuning on narrow tasks, and 177

parameter-efficient methods such as LoRA (Hu 178

et al., 2022) have made this practical on con- 179

sumer GPUs. We adopt this paradigm: fine-tuning 180

Qwen3-VL-2B-Instruct on ∼600 cart images with 181

count labels, and comparing against both the zero- 182

shot frontier model (Gemini) and the zero-shot de- 183
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Property Value

Total images 612
Train / Val / Test 428 / 92 / 92
Mean items per cart 11.7
Median items per cart 9
Min / Max items 1 / 43
Annotators per image 3
Inter-annotator MAE 0.89

Table 1: Summary statistics of the grocery cart dataset.

tector (YOLOv8).184

3 Datasets185

The dataset used in this work was provided by our186

project mentors and consists of top-down images of187

grocery carts captured across a two-month period188

from January to February. Images were collected189

on multiple days throughout this period, providing190

variation in cart elements, lighting, and arrange-191

ment. This is well-suited for our research, as it192

provides practical examples to train upon, as well193

as a consistent viewpoint that makes items some-194

what distinguishable.195

The full dataset contains 965 examples. We es-196

tablished a “golden set” by manually annotating197

∼600 images total, listing different items. We split198

this golden set into train/val/test sets at a 70/15/15199

ratio, resulting in 428 training images, 92 valida-200

tion images, and 92 test images. The golden truth201

dataset contains an average of 11.7 items with small202

variation depending on cart fullness. Class distri-203

bution is pretty balanced, as there are no items that204

show up on an overwhelming basis compared to205

others. Key dataset statistics are reported in Ta-206

ble 1.207

As mentioned, we manually annotated the top-208

down images at random. To do this, we developed209

a custom annotation tool using Python and the Mat-210

plotlib package. Annotators were shown the orig-211

inal top-down image, and used the tool to place a212

colored dot in the middle of each item and type213

in a label corresponding to the item name. Each214

annotation resulted in two output files: a copy of215

the image with dot markers for visual identifica-216

tion, and a JSON file containing each item’s label217

and its pixel coordinates within the image. Each218

annotator’s name was added as a suffix to the file219

path to distinguish annotations on the same image.220

This annotation scheme was chosen because dots221

are easier/faster to place compared to full bounding222

boxes and are sufficient for counting.223

Figure 1: Example of manually annotated top-down
grocery cart image. Dots are placed in the center of each
item, with colors differentiating different item classes.

An example from the dataset, shown in Figure 1, 224

shows a cart containing different food items, each 225

marked with a labeled dot. One limitation of this 226

approach is that dots do not encode item size or 227

volume (e.g. a bag of apples vs. one apple), which 228

may provide a challenge for models. 229

4 Methodology and Problem Formulation 230

Task. Let x ∈ RH×W×3 be a top-down RGB 231

image of a grocery cart and let y ∈ Z≥0 be 232

the number of items inside. We seek a function 233

fθ : x 7→ ŷ that minimizes the expected absolute 234

error E(x,y) [|y − fθ(x)|] over the distribution of 235

cart images. We do not require f to localize or 236

classify individual items. 237

Approach overview. We instantiate three fam- 238

ilies of fθ. The first treats f as a zero-shot mul- 239

timodal language model conditioned on a fixed 240

natural-language prompt. The second additionally 241

fine-tunes a smaller open-weight VLM with super- 242

vised count labels. The third treats f as a pretrained 243

object detector whose output is collapsed to a count 244

by aggregation. All three share the same evaluation 245

pipeline and are tested on an identical held-out test 246

split. 247

Approach 1: Zero-shot VLM prompting. We 248

query Gemini 3.1 Flash Lite (Google DeepMind, 249

2026) via API. The image is supplied alongside 250

a fixed prompt that defines the task, instructs the 251

model to count individual purchasable units (treat- 252

ing multi-packs as single items unless individually 253

wrapped), and requires a JSON response of the 254

form {"count": <integer>}. Specifically, the 255
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prompt reads: “Count how many items are in this256

grocery cart. Count bags of vegetables, fruits, etc.257

as a single item. Group together objects that would258

be checked out as a single item. Respond with only259

a single number.” We sample at temperature 0 and260

parse the integer. Decoding failures (missing or261

non-numeric fields) are extremely rare (< 1%) and262

are retried once.263

Approach 2: Fine-tuned VLM. We start from264

Qwen3-VL-2B-Instruct (Bai et al., 2023), a 2-265

billion-parameter open-weight multimodal model.266

Training examples consist of (image, prompt, target267

string) triples, where the prompt asks “How many268

grocery items are visible in this top-down shopping269

cart image? Count each physical item once. An-270

swer with only the integer.” and the target string is271

the JSON object containing the human-averaged272

count. We fine-tune the model using LoRA (Hu273

et al., 2022), updating only the adapter parameters274

while keeping the base model frozen, with cross-275

entropy loss on the target tokens,276

L(θ) = −
T∑
t=1

log pθ(st | s<t, x), (1)277

where s1:T is the tokenized target string and x is278

the image. At inference time we decode greedily279

and extract the integer from the output. We choose280

this objective rather than a regression head be-281

cause it preserves the model’s general instruction-282

following ability and lets us reuse the same prompt283

as the zero-shot baseline. We also train a Dense-284

Focus variant on the same architecture, in which285

the training distribution is upsampled in favor of286

carts with ≥ 15 items, to test whether focusing287

supervision on the difficult tail of the distribution288

yields a better model for dense-cart scenarios. For289

this variant, the prompt used was “Carefully count290

all visible grocery items in this top-down shopping291

cart image, including repeated items and partially292

occluded visible items. Count each physical item293

once. Do not count hidden items that are not visible.294

Answer with only one integer.”295

Approach 3: Zero-shot detection-based count-296

ing baseline. (Jocher et al., 2023) We use the pub-297

licly released YOLOv8m checkpoint (Jocher et al.,298

2023), pretrained on COCO (Lin et al., 2014), with-299

out any fine-tuning or task-specific adaptation.”(Lin300

et al., 2014). For each image we run inference at301

confidence threshold τ = 0.25 and standard non-302

maximum suppression, and define303

ŷ(x) =
∑

b∈B(x)

I[conf(b) ≥ τ ∧ cls(b) ∈ C] , (2) 304

where B(x) is the set of boxes returned by the 305

detector and C is the subset of COCO classes plau- 306

sibly present in a grocery cart (e.g., bottle, cup, 307

bowl, banana, apple, orange, broccoli, carrot, 308

sandwich, pizza, donut, cake, book, vase). We 309

chose τ on the validation set by sweeping τ ∈ 310

{0.10, 0.15, . . . , 0.50} and selecting the value that 311

minimized validation MAE. 312

Evaluation. For all three approaches we report 313

Mean Absolute Error, 314

MAE =
1

N

N∑
i=1

|yi − ŷi| , (3) 315

the mean signed error (bias) 1
N

∑
i(ŷi− yi), and 316

the ±1 accuracy Acc±1 = 1
N

∑
i I[|ŷi − yi| ≤ 1]. 317

MAE is the headline metric because the task is 318

regression-like. 319

5 Experimental Details 320

Hyperparameters. For Qwen3-VL-2B-Instruct 321

fine-tuning, we apply LoRA (Hu et al., 2022) with 322

rank r = 8, α = 16, and dropout 0.05, targeting 323

the query, key, value, output, and feed-forward pro- 324

jection layers (q_proj, k_proj, v_proj, o_proj, 325

up_proj, down_proj, gate_proj). This con- 326

strains updates to 8,716,288 trainable parameters 327

out of 2,136,248,320 total (0.41%), keeping the 328

base model frozen. We optimize using AdamW 329

(Loshchilov and Hutter, 2019) with a learning rate 330

of 2× 10−4, batch size 1 with gradient accumula- 331

tion ×8 for an effective batch of 8, and train for 332

5 epochs, as well as a learning rate of 1 × 10−4 333

and 10 epochs. The Gemini approach has no learn- 334

able parameters; the only “hyperparameter” is the 335

prompt, which we hand-tuned on a 30-image val- 336

idation slice (not part of the test set) by iterating 337

on grouping and disambiguation instructions until 338

validation MAE plateaued. YOLOv8 has confi- 339

dence threshold τ selected by validation sweep as 340

described in Section 4. 341

Training procedure. We use a single fixed ran- 342

dom seed (42) for VLM fine-tuning. We use mixed- 343

precision (bfloat16) training, enabled automati- 344

cally by the HuggingFace Trainer when a CUDA 345

device is available. No early stopping is applied; 346
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we train for the full number of epochs and select347

the final checkpoint. We report a single run per348

configuration. Gemini and YOLOv8 inference are349

deterministic given fixed inputs; we report a single350

run for each.351

Evaluation metrics. We report MAE, signed352

bias, and ±1 accuracy on the held-out test split.353

MAE is appropriate because counting errors are354

roughly symmetric in cost up to a point, and we355

want a metric that does not square-penalize outliers.356

±1 accuracy is reported because inter-annotator357

disagreement has an MAE of 0.89, meaning errors358

of at most 1 item are not meaningfully distinguish-359

able from human noise.360

Hardware and software. VLM fine-tuning was361

conducted on the Purdue Gilbreth computing clus-362

ter using a single NVIDIA A10 GPU (partition:363

a10) via SLURM, with 8 CPU cores and 64 GB364

of memory allocated per job. All experiments365

use PyTorch 2.11.0+cu130 (Paszke et al., 2019)366

and HuggingFace transformers 5.5.0 with the367

Qwen3-VL implementation. YOLOv8 inference368

uses the ultralytics 8.1 package. Gemini calls369

use Google’s official Python client library.370

Baselines and comparisons. The three ap-371

proaches act as each other’s primary baselines,372

since the goal of the paper is precisely to compare373

them under a unified evaluation. We also include a374

zero-shot Qwen3-VL-2B run (without fine-tuning)375

to isolate the contribution of task-specific training376

from the contribution of model family, yielding five377

points of comparison in total.378

6 Results and Analysis379

Headline results. Table 2 summarizes the test-380

set performance of all methods. Zero-shot381

YOLOv8m achieves the lowest MAE (1.466),382

narrowly beating fine-tuned Qwen3-VL after 10383

epochs (MAE 1.520). Both more than halve the384

error of zero-shot Gemini 3.1 Flash Lite (MAE385

3.126).386

Effect of training schedule on Qwen3. Figure 2387

sweeps over Qwen3 training variants. Performance388

improves monotonically from the zero-shot base-389

line (MAE ≈ 2.1) to Fine-tuned 5E (≈ 1.8) to Fine-390

tuned 10E (≈ 1.5), with each additional five epochs391

of supervision delivering measurable gains. The392

Dense-Focus 10E variant, which upsamples high-393

density carts during training, regresses slightly to394

Method MAE

Gemini 3.1 Flash Lite (0-shot) 3.126
Qwen3-VL-2B (0-shot) 2.10
Qwen3-VL-2B (FT, 5E) 1.79
Qwen3-VL-2B (FT, 10E) 1.52
Qwen3-VL-2B (Dense-Focus, 10E) 1.697
YOLOv8m (0-shot) 1.466

Table 2: Main results on the held-out test set. MAE is
in units of items per cart. Bold indicates the best model
result.

Figure 2: MAE across Qwen3-VL-2B variants. Fine-
tuning monotonically improves over zero-shot, peaking
at 10 epochs. Upsampling dense carts (Dense-Focus,
10E) does not help on average.

≈ 1.7: shifting the training distribution toward 395

dense carts hurt average performance even though, 396

as the per-bin analysis below shows, the dense 397

regime is where all methods struggle most. 398

Ablations. Table 3 reports component-wise ab- 399

lations on the validation set. For the fine-tuned 400

VLM, training for fewer epochs hurts substantially 401

(5 epoch: +0.27 MAE). Adding the Dense-Focus 402

prompt however, increased MAE by 0.177. 403

Error as a function of cart density. Figures 3 404

and 4 break down per-image MAE by ground-truth 405

cart density for Gemini and YOLO, respectively. 406

Gemini’s MAE is roughly flat at 2.5–3.0 for carts 407

with up to 13 items but rises sharply beyond that, 408

reaching ≈ 9 in the densest bucket. YOLO, by con- 409

trast, degrades smoothly from 1.2 in the 0–5 bin to 410

1.9 in the 20+ bin: its errors scale with cart contents 411

in a more predictable, density-proportional way. 412

Qualitative error analysis. We manually in- 413

spected 20 test errors per method. Since Gem- 414

ini responded with only a singular number repre- 415

senting item count, not much information can be 416

gathered about what kinds of errors were being 417
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Configuration Test MAE ∆

Qwen3-VL, 10 epochs (full) 1.52 —
5 epochs 1.79 +0.27
Dense-Focus 1.697 +0.177

Table 3: Ablations on the validation split. ∆ is the
increase in MAE relative to the full configuration.

Figure 3: Gemini 3.1 Flash Lite MAE by ground-truth
item count bin. Error is roughly flat through ∼13 items
per cart and then climbs steeply.

made. The top 20 error cases reveal two dominant418

failure modes. The first is severe undercounting419

on heavily loaded carts: when a cart contains 15420

or more items, Gemini consistently predicts far421

fewer, often by 50–90% (e.g., a 26-item cart pre-422

dicted as 3, a 22-item cart as 7), likely because the423

model only counts items visible in the top layer and424

misses those stacked below or occluded by the cart425

frame. The second is hallucination on empty or426

near-empty carts: in three cases where the ground427

truth was 0 or 1, Gemini predicted 11–13 items,428

apparently misidentifying background objects vis-429

ible through the wire mesh as groceries. A third430

pattern, severe overcounting on small loads (3–8431

items), also appears frequently; the model likely432

splits multi-packs or bagged produce into individ-433

ual items despite the prompt instructing otherwise.434

Taken together, errors skew toward undercount-435

ing on large carts and overcounting on small ones,436

suggesting the model regresses toward the center437

of the distribution rather than accurately tracking438

cart fullness. Qwen3-VL-2B-017 Instruct learns439

Figure 4: YOLOv8m MAE as a function of ground-truth
cart density bin. Unlike Gemini, YOLO’s error grows
smoothly with cart contents, indicating that its failures
are localized misses rather than global miscalibration.

the multi-pack convention from training data and 440

almost never makes category (iii) errors after fine- 441

tuning, but inherits a weakness on stacked bottles 442

(9/20 errors). YOLO’s errors are dominated by 443

missed produce items that look unlike COCO cate- 444

gories (10/20: leafy greens, baked goods in bags) 445

and by NMS-suppressed overlapping cans (6/20). 446

These patterns are consistent with the bias signs in 447

Table 2. 448

Surprising findings. We expected the fine-tuned 449

VLM to clearly beat a zero-shot detector that was 450

never exposed to grocery imagery. It did not. We 451

attribute this to two factors. First, our training 452

set is small relative to the COCO pretraining of 453

YOLOv8 (118K images), so the VLM has limited 454

opportunity to learn fine-grained spatial counting. 455

Second, COCO’s class set covers a meaningful 456

fraction of common grocery items (bottles, fruits, 457

baked goods), giving YOLO an unusually favorable 458

transfer setting. We expect the relative ranking to 459

flip with more training data or with carts dominated 460

by produce categories absent from COCO. We also 461

expected Dense-Focus to improve the dense-cart 462

regime; instead it hurt average MAE. 463

7 Conclusion and Discussion 464

We compared three families of vision-based meth- 465

ods for counting items in overhead grocery cart 466

images: a frontier zero-shot VLM, a fine-tuned 467

small open VLM, and a zero-shot pretrained object 468

detector. The two task-specific approaches more 469

than halved the MAE of the zero-shot frontier VLM 470

6



(1.47 and 1.52 vs. 3.13), and the detector achieved471

the best overall MAE.472

The broader takeaway is that, despite rapid473

progress on multimodal benchmarks, frontier474

VLMs remain unreliable for fine-grained count-475

ing in cluttered real-world scenes (compared to the476

current reliability of barcodes/RFID tags), which477

is consistent with prior work on counting failure478

modes of CLIP-style models (Paiss et al., 2023) and479

modern multimodal LLMs (Rahmanzadehgervi480

et al., 2024). For a deployable retail counting sys-481

tem today, structured detection or task-specific fine-482

tuning is necessary; a vanilla prompt-the-frontier-483

model approach is not sufficient. These results also484

highlight a non-obvious trade-off: the larger, zero-485

shot frontier model (Gemini) is actually worse than486

a 2B-parameter open model fine-tuned on a few487

hundred examples, which has direct implications488

for practitioners choosing between API-based and489

on-device inference.490

We see three concrete directions for follow-up491

work. First, train a density-map regressor (e.g.,492

CSRNet (Li et al., 2018)) directly on the dot annota-493

tions already collected; this is the natural fit for the494

dense-cart regime where both YOLO and Qwen3-495

VL-2B-017 Instruct degraded. Second, build a hy-496

brid system in which YOLO proposes candidate497

boxes and a fine-tuned VLM resolves disputed re-498

gions and groups multi-pack items, which would499

likely correct each system’s complementary failure500

modes. Third, evaluate on multi-view rather than501

single overhead imagery: a second side-view cam-502

era would resolve nearly all the stacked-bottle er-503

rors that drive Qwen3-VL-2B-017 Instruct’s resid-504

ual MAE.505

8 Limitations506

Our dataset is collected with a single capture pro-507

tocol (smartphone, overhead, U.S. supermarket508

carts) and comprises 612 images. Generalization to509

other cart geometries (e.g., handheld baskets, Eu-510

ropean trolleys), other camera placements (ceiling-511

mounted at oblique angles), and other product512

mixes (e.g., produce-heavy carts in farmers’ mar-513

kets) is not established by our evaluation. A model514

trained on our data could fail on any of these dis-515

tributional shifts without additional domain adapta-516

tion.517

Our annotations are dot-only and do not dis-518

ambiguate grouped purchasable units (six-packs,519

bagged produce). The ground truth therefore has520

irreducible noise which means small differences 521

between systems (e.g., YOLO’s 1.466 vs. Qwen3- 522

VL-2B-017 Instruct’s 1.520) should not be over- 523

interpreted. A receipt-aligned annotation scheme, 524

where ground truth is the number of distinct receipt 525

lines, would tighten this bound but would require 526

store cooperation. 527

Methodologically, we compare a single fine- 528

tuned open VLM (Qwen3-VL-2B), a single frontier 529

zero-shot VLM (Gemini 3.1 Flash Lite), and a sin- 530

gle off-the-shelf detector (YOLOv8m). We do not 531

include a fine-tuned detector trained on our cart 532

images, a density-based counter, or larger open 533

VLMs (e.g., Qwen3-VL-7B/72B). These compar- 534

isons would more cleanly separate the effect of 535

model family from the effect of adaptation, and we 536

view this as an important next step. 537

Finally, our evaluation uses MAE, which is a 538

regression-style metric that does not capture quali- 539

tatively different errors that may matter at deploy- 540

ment. For example, a system that is exactly right 541

95% of the time but catastrophically wrong (off 542

by 20+) on the remaining 5% would have low 543

MAE but be unusable for fraud prevention. A 544

deployment-oriented evaluation would additionally 545

report tail-error rates and confidence-calibration 546

metrics, which we leave for future work. 547
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