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Abstract

We introduce RetailAction, a novel dataset designed for
multi-view spatio-temporal localization of human-object in-
teractions in retail stores. Existing datasets either pro-
vide video-level action classification only (without spatio-
temporal localization), or, when such annotations are
present, they are limited in scale and not specific to the re-
tail sector, often lacking real-world store data. RetailAction
addresses these limitations by focusing on interactions be-
tween actual customers and store products, captured from
multiple top-view cameras in 10 different real-world conve-
nience stores. The dataset consists of 21,000 samples, each
containing two synchronized videos with a total duration of
41 hours. In addition to the videos, the dataset includes an-
notations detailing precise interaction points for both views,
temporal ranges, and action categories for each interaction.
In this paper, we describe the data collection process and
we provide an analysis of the dataset’s statistics. We also
present a baseline model for spatio-temporal localization
of interaction points and compare different state-of-the-art
backbones. Finally, we present a novel set of evaluation
metrics tailored to this use case. RetailAction aims to fa-
cilitate research on fine-grained action recognition and lo-
calization, offering a valuable resource for developing ad-
vanced retail analytics applications.

1. Introduction

Recent advances in computer vision have improved the un-
derstanding of human-object interactions, yet the retail do-
main remains underexplored. Fine-grained analysis of cus-
tomer behavior is crucial for applications such as data an-
alytics, product placement optimization, shopper behav-
ior analysis, and autonomous checkout. However, exist-
ing datasets fail to adequately address the unique challenges
of retail environments, where precisely localizing product-
shopper interactions in both time and space is essential for
all downstream applications.
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Traditional large-scale action recognition datasets, such as
Kinetics [3, 4, 13] and ActivityNet [6], primarily focus on
video-level classification, lacking spatio-temporal localiza-
tion. While AVA-Kinetics [16] includes sparse keyframe
annotations, datasets like UCF101-24 [21] and JHMDBS51-
21 [12] provide denser spatio-temporal tubelets, though
they remain limited in scale. Retail-specific datasets, such
as MERL Shopping [20] and RetailVision [1], are con-
strained by scale, annotation granularity, and the absence of
multi-view perspectives necessary for handling occlusions
and cluttered settings.

To bridge this gap, we introduce RetailAction, a large-scale
dataset designed for multi-view spatio-temporal localiza-
tion of human-object interactions in real-world retail envi-
ronments. Captured from operational convenience stores,
it features synchronized multi-view video recordings of au-
thentic customer interactions. The key contributions of this
work include:

1. Novel Interaction-Centric Annotation Paradigm:
Unlike traditional spatio-temporal annotations that track
the person performing an action, RetailAction introduces
interaction point annotations—precisely marking where
an object is handled. This shift enables a more fine-
grained understanding of customer-product interactions,
which is critical for retail analytics.

. Large-Scale, Diverse, and Real-World Retail Data:
RetailAction consists of 21,000 annotated samples, to-
taling 41 hours of video, capturing unscripted customer
behavior in 10 operational retail stores. The dataset fea-
tures a diverse set of more than 10,000 unique shoppers,
ensuring broad coverage of different shopping patterns
and interaction styles. To collect and annotate these data
at scale, we use a semi-automated pipeline that integrates
3D pose tracking, kinematic interaction detection, and
dynamic frame rate adjustments, significantly improving
annotation efficiency.

. Multi-View Spatio-Temporal Annotations: Each in-
teraction is annotated across two synchronized camera
views, providing detailed 2D interaction points and pre-
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Figure 1. An annotated sample from the RetailAction dataset, consisting of two synchronized video streams from different cameras. The
videos capture real people interacting in actual retail stores. The subject performs two actions: taking an item and placing another on a
shelf. Each action is annotated with a categorical label (take, put, touch), a temporal range, and spatial coordinates in both views.

cise temporal boundaries. This facilitates robust action
localization, even in crowded and occluded settings.
Benchmarking and Baseline Models: We developed a
DETR-based model specifically tailored for the task of
spatio-temporal localization of interactions from multi-
ple cameras. In addition to this, we also developed a set
of metrics specifically designed for the dataset and the
task at hand. We evaluated our approach on the dataset
alongside multiple state-of-the-art neural backbones.
RetailAction sets a new standard for retail-focused action
localization, providing a foundation for advancing research
in shopper behavior analysis and spatio-temporal interac-
tion understanding.

2. Related Work

Existing datasets either focus on action classification — as-
signing predefined labels to entire clips — or support spatio-
temporal localization by identifying when and where ac-
tions occur. Despite substantial progress, they often exhibit
limitations for applications in retail settings.

Action Classification Datasets — In the realm of ac-
tion classification, numerous datasets have been developed;
however, most of these datasets fall short in terms of provid-
ing the spatial and temporal annotations that are essential
for a retail-centric focus.

The Kinetics series [3, 4, 13] offers extensive video col-
lections and is currently regarded as benchmark for ac-
tion classification tasks. In addition to Kinetics, there
are smaller datasets that encompass a wider variety of ac-
tions, such as HMDBS51 [15], Moments in Time [18], and
Something-Something-V2 [9]. Notably, the latter specifi-
cally focuses on human-object interactions from an egocen-
tric viewpoint. Despite their contributions, none of these
datasets are tailored to the retail context or provide the nec-
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essary action localization information across both spatial
and temporal dimensions.

Spatial and Temporal Localization Datasets — Some
datasets, such as THUMOS14 [11], ActivityNet [6], HACS
Segment [24] and FineAction [17] simply add temporal an-
notations alongside classification, without supplying the
spatial location of actions within the videos.

Other datasets also provide spatial information. Typ-
ically, this annotation is given in the form of bounding
boxes around people, which are tracked over time. Some
datasets, such as AVA-Kinetics [16], include only spatial la-
bels, providing bounding boxes around people and specify-
ing the action each person is performing, without indicating
the exact moment the action occurs. Other datasets pro-
vide both spatial and temporal annotations. Among them,
there are also large-scale examples: for instance, AVA [10]
dataset includes sparse temporal annotations, consisting of
individual annotated frames at separate time points, while
the UCF101-24 [21] and JHMDB-21 [12] datasets provide
continuous temporal annotations in the form of intervals.
However, the focus in these datasets is always on the per-
son rather than the point of interaction with objects, and
the types of actions considered differ from those commonly
found in retail scenarios, such as “take” and “put,” where
knowing the exact location of the interaction is crucial.

Datasets for Retail — Retail-specific datasets remain
scarce, particularly those with detailed spatio-temporal ac-
tion annotations. The MERL Shopping [20] dataset captures
retail interactions in a controlled laboratory setting but lacks
temporal annotations. RetailVision [1] is a dataset that in-
cludes both spatial and temporal labels from shopping cart-
mounted cameras, but its reliance on this viewpoint limits
its generalizability to other retail settings such as ceiling-
mounted cameras.



Dataset Videos Tot. Hours Datasource  Point of View Temporal  Spatial Retail = Multi-view
Kinetics-700 [4] 650k 1.8k YouTube TPV - - - -
UCF101 [21] 13,320 27 YouTube TPV - - - -
SSV2 (9] 220k 246  Crowdsourced Egocentric - - - -
HMDB51 [15] 6,849 2.5 YouTube TPV - - - -
Moments in Time [18] M 833 Web sources TPV - - - -
THUMOS14 [11] 413 0.49 YouTube TPV v - - -
ActivityNet [6] 20k 272 Web TPV v - - -
HACS Segment [24] 49k 449 YouTube TPV v - - -
FineAction [17] 17k 33 Other datasets + YT TPV v - - -
AVA [10] 403 100 YouTube TPV sparse v - -
AVA-Kinetics [16] 238k 761 ‘Web TPV sparse v - -
UCF101-24 [21] 3207 6.5 YouTube TPV v v - -
JHMDB51-21 [15] 928 0.3 YouTube TPV v v -

MERL Shopping [20] 96 32 Lab setting Top view v - v -
Retail Vision [1] 271 33 Lab setting Shopping cart v v v -
RetailAction - Ours (2x) 21k 41 Real-world stores Top view v v v v

Table 1. Comparison of action detection datasets in literature. Top section lists generic datasets, whereas bottom section highlights retail-
focused datasets. Sparse temporal label indicates datasets where actions are annotated at keyframes only (e.g., 1 frame per second for AVA
and 1 frame per video for Kinetics). TPV (Third-person view) represents handheld camera perspectives, Top view corresponds to ceiling-
mounted cameras, and Shopping cart refers to an egocentric-like setup with cameras attached to shopping carts. Our RetailAction dataset
uniquely captures real-world retail interactions with multi-view spatio-temporal annotations, enabling fine-grained analysis of human-

object interactions in stores.

While numerous action recognition datasets exist, all of
them provide only a single video per action. In contrast,
our dataset includes two synchronized videos capturing the
same action from different viewpoints, ensuring a more
comprehensive perspective. Moreover, all our recordings
are captured from a top-view perspective, which guarantees
clear visibility of both the person and their interactions with
objects. Additionally, our dataset is collected in real retail
stores with actual customers rather than actors, making it
representative of real-world shopping behavior. This de-
sign makes our dataset particularly complete and valuable
for studying shopper interactions in retail environments.

3. Dataset collection

Retail Action dataset is collected in 10 real-world medium-
to-small-sized convenience stores across various locations
in the United States over the course of multiple years. The
data correspond to actual customer visits. All shoppers were
given notice of the recordings as well as signed terms of ser-
vice with the company collecting the data. Moreover, the
videos and their attached metadata have been anonymized
to ensure that no individual could be identified. The record-
ing devices used are 360-degree top-view cameras operat-
ing at 30 FPS with a resolution of 2880x2880. The cameras
were mounted on the ceilings of the stores at an average
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height of 2.5 meters and strategically positioned to ensure
that every point within the area of interest is covered by at
least two different cameras.

Given that each store is equipped with multiple cameras
recording continuously throughout the day, the total volume
of raw data is prohibitively large (often multiple TB per
day). To generate a suitable dataset for action recognition,
it is essential to develop an efficient method to manage this
data, filtering out irrelevant footage while preserving mean-
ingful interactions. Manually labeling all video streams to
extract shopper-shelf interactions is impractical, especially
when aiming to build a dataset as large as ours. Since ac-
tual shopper interactions with shelves represent only a frac-
tion of the footage, and only a subset of cameras is needed
to capture these interactions effectively, we implemented
an advanced system capable of automatically detecting rel-
evant time intervals and selecting the most suitable cam-
era views. Additionally, our system is designed to operate
in near real-time, further enhancing the efficiency of video
storage and retrieval while handling the complexity of con-
tinuous data processing.

In this section, we provide a high-level overview of the data
collection pipeline to convey the nature and complexity of
our data collection approach and ensure transparency. Full
reproducibility of the data collection pipeline lies beyond
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Figure 2. Overview of the RetailAction dataset collection pipeline. The process begins with 360-degree top-view video capture in real-
world retail stores, followed by 2D pose estimation and multi-view 3D pose reconstruction. A kinematic interaction detection model
identifies potential interaction time intervals, which are refined through segment merging and splitting. The system then selects the best
camera views for each interaction, applies spatial cropping, and ranks frames using a temporal scoring algorithm. Finally, videos undergo
anonymization and storage, while a two-step annotation process ensures high-quality spatio-temporal interaction labels.

the scope of this paper, whose focus is on the dataset itself.

The automatic video generation system consists of several
components. First, the frames from each camera are pro-
cessed by a model that detects people in the scene and es-
timates their 2D poses. Since we use 360-degree cameras
and traditional 2D pose estimation models do not perform
well on such views, we employ a version of the PersonLab
model [19], trained on a proprietary dataset composed of
360-degree views and 2D pose annotations collected from
multiple stores. The poses generated independently for each
camera are then used to perform temporal tracking within
each camera view, producing tracklets. Tracklets from dif-
ferent cameras are subsequently clustered based on trian-
gulation error to create unified tracks, which are finally tri-
angulated to obtain 3D position estimates. As a result, we
obtain 3D tracks of individuals in the scene along with their
3D poses.

In a second step, we use additional models to identify the
time intervals of interest and the best camera views to visu-
alize the events. The first problem is addressed using a kine-
matic Graph Convolutional Network model based on [23].
This model leverages the 3D poses of each person, along
with the positions and dimensions of the store shelves, to
detect time intervals with a high probability of containing
real interactions of those skeletons with shelf items. Since
this model relies solely on 3D pose data and not on images,
it does not guarantee that all selected intervals contain ac-
tual interactions, but it effectively filters out the vast major-
ity of footage where people are simply walking through the
store or standing near a shelf without interacting.

For each time interval, given the positions of the cameras,
shelves, and people, we compute a score for each camera
based on potential occlusions caused by shelves, and the
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visibility of the person and its upper body joints, particu-
larly the hands. Using this score, we select the two best
camera views and crop the frames around the person to fo-
cus on the interaction while preserving relevant context and
minimizing unnecessary background.

Finally, we perform a few post-processing steps to finalize
the video generation. First, we apply frame subsampling to
reduce the number of frames per video. After this step, each
video contains at most 32 frames, regardless of its origi-
nal duration, resulting in a lower and non-uniform frame
rate compared to the original camera footage. Rather than
selecting frames uniformly, we employ a model that ana-
lyzes the velocity and acceleration of the person’s hands,
prioritizing frames with significant movement while down-
sampling static segments. Qualitatively, this method has
proven highly effective at summarizing long videos or se-
quences with extended periods of inactivity into a compact
set of informative frames, enabling faster video download
and contributing to the overall efficiency of the data collec-
tion pipeline. Lastly, a post-processing stage applies facial
blurring to anonymize all individuals in the videos, and all
timestamps are anonymized. Any visible references to store
names are either removed or blurred.

4. Data Annotation and Cleaning

To ensure high-quality action labels, we employ a structured
two-step annotation process.

Binary classification and data quality labels — First, an-
notators assign a binary label to each video segment, in-
dicating the presence or absence of an interaction (where
interaction implies at least one human-object engagement,
while non-interaction includes activities such as browsing
or walking). Additionally, they annotate data quality labels



to identify data issues, including:

* Bad camera view: failure of the camera selection algo-
rithm, see Section 3).

* Low resolution: insufficient resolution to reliably recog-
nize interactions.

o Few frames: failure of the dynamic sampling algorithm.

e Other: generic pipeline failures such as pose errors.

To enhance dataset quality, at this step we employ a
model-in-the-loop strategy: after an initial labeling pass, a
model is trained on half of the dataset, and the 10% most
disagreeing ground truth—prediction samples are reviewed.
This process is repeated three times to refine annotations
and improve consistency.

Spatio-temporal fine grained labels — In the second step,
annotators precisely mark the temporal boundaries of each
individual interaction and spatially localize each interaction
in both video views. Annotators are asked to label the point
at which the subject’s hand makes contact with the item on
the shelf. In videos containing multiple individuals, a red
dot is placed on the head of the subject of interest in every
frame, ensuring annotators label only the interactions of the
designated individual.

Each annotated interaction is categorized into one or
more predefined action categories: (1) Take, where a sub-
ject picks up an item from a shelf, fridge, or counter (e.g.,
grabbing a sandwich or candy from a shelf); (2) Put, where
a subject places an item onto a shelf, fridge, or counter after
holding it; and (3) Touch, where the subject interacts with
an item by placing their hand on it without executing either
a “Take” or “Put” action. It is important to note that these la-
bels exclusively refer to interactions with retail shelves and
are not applied to interactions involving other store entities,
such as shopping baskets or checkout interactions.

Data Curation — To ensure the dataset is well-suited as
a benchmark for spatio-temporal action localization mod-
els, we apply a series of filtering steps following the an-
notation process. These steps aim to enhance data qual-
ity and maintain consistency across multi-view interactions.
Specifically, we:

L]

Removed single-view segments: Instances where only one
camera captured an interaction are discarded to ensure
multi-view consistency.
Filtered low-quality samples:
quality issues are excluded.
Removed outlier segments: We remove segments with
outlier durations, either in their total length or in the du-
ration of individual actions, to exclude cases that might
result from occasional errors in the frame scoring model
or the temporal identification of segments.

Balanced not-interaction segments distribution: Seg-
ments without interactions naturally dominate retail video
data as shoppers frequently browse and wander prior to

All instances with data
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making a selection. To ensure a better balance between
interactive and non-interactive periods, we artificially in-
clude only 10% of segments without any action.

5. Dataset Structure and Statistics

Our dataset is composed of a total of 21,000 samples. Each
sample consists of two synchronized videos capturing the
same scene from two different camera viewpoints. These
views correspond to the two highest-ranked cameras, as de-
termined by our camera selection algorithm described in
Section 3. The dataset includes videos from 10 different
stores, whose distribution is shown in Figure 3. The dis-
tribution illustrates the diversity of the dataset. Along with
each sample, there is a metadata file with: sampling scores
and timestamps from our frame sampling algorithm for ev-
ery frame (see Section 3), 2D poses and 2D face positions
of the principal subject for every frame, and finally spatio-
temporal interaction labels.

The labels include, for each action, the temporal interval
in frames and a spatial point in pixel coordinates for both
video views in the sample, along with the classification of
the action type (“take”, “put”, or “touch”). As shown in Fig-
ure 3, the number of actions per segment follows a highly
skewed distribution, with the majority of segments contain-
ing a single action. Regarding the action type, the dataset is
also heavily imbalanced, with the vast majority of actions
(97.2%) belonging to the “take” class. This is due to the
fact that data collection was performed in real stores without
scripted actions or actors. While the balance between sam-
ples with no action and those with at least one action was
artificially adjusted, the distribution of action types among
the labeled interactions was not altered from the original
data collection. As such, it reflects real customer behavior.
This makes the action type less relevant as a distinguishing
characteristic within the dataset, but it remains consistent
with real-world data distributions.

We emphasize once again that all videos contain at most 32
frames, and that these frames were selected using a model
that assigns a score to each original frame (see Section 3).
As a result, the videos have a lower and non-uniform frame
rate compared to the original footage. Although the num-
ber of frames is fixed, the original duration of the segments
from which these frames are extracted varies. Figure 3
shows the distribution of the original duration of the seg-
ments and of individual actions within the segments, in sec-
onds.

6. Model

To the best of our knowledge, no existing method in the lit-
erature directly supports our specific input-output configu-
ration—namely, taking two temporally synchronized videos
from different views as input and predicting spatio-temporal
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interaction points in both views. In this section, we describe
our custom architecture tailored to this task.

Our model takes as input two videos and predicts a list
of interactions, each with: the predicted action class, spatial
point coordinates for each view, and both the start and end
time of the interaction. It consists of different components,
as depicted in Figure 4:

Backbone Network — We employ a shared backbone to
extract spatio-temporal features from dual-view samples.
Each video is independently processed, and the resulting
features are then fed to a DETR-based transformer head.

Transformer Head — First, a linear projection reduces fea-
ture dimensionality. To capture spatio-temporal relation-
ships, learned 3D positional encodings (two spatial dimen-
sions and one temporal) are then applied. A transformer
encoder for each video view refines feature representations
using self-attention. Encoded features from both views
are concatenated and added to a view-specific positional
encoding. Finally, the DETR [2] decoder takes the in-
put queries and global features and generates action local-
ization outputs as a tensor of shape #queries x N where
N =C + (S x V) + 2 with C denoting the number of ac-
tion classes, S = 2 spatial coordinates, V' = 2 views, and
the last two values representing the action’s start and end
times.

Loss Function — The groundtruth-prediction matching
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logic builds on the original DETR with the following
changes: We predict the spatial coordinates for both views,
and use the sum of their distances from the ground truth as
one of the factors of the final cost matrix. The other factors
are composed of the classification error and the IOU of the
temporal predictions. Once assignments are established, the
model optimizes classification loss (cross-entropy on pre-
dicted action classes), spatial loss (sum of the L2 loss on
expected positions for each view), and temporal loss (L1
loss on action start and end times).

7. Metrics

Given that the formulation of the spatio-temporal action
localization problem in multi-view retail scenarios is rela-
tively novel compared to conventional spatial and/or tem-
poral localization benchmarks, we have designed an experi-
mental setup specifically tailored to this setting. A key nov-
elty of our dataset lies in the annotation methodology: in-
stead of annotating actions with bounding boxes around the
acting person, we provide point-wise annotations indicating
the precise location where the interaction occurs.

The standard evaluation methodology in literature
benchmarks [15, 21] involves computing the Intersec-
tion over Union (IoU) between predicted and ground-truth
bounding boxes and subsequently calculating the mean Av-
erage Precision (mAP) following COCO or Pascal VOC
conventions. In contrast, our task requires predicting a 2D
point (x,y) on the image plane for each camera view and
associating them with a temporal range [ts, t.].

Matching Criteria — Our evaluation protocol follows a
COCO-style detection methodology but is adapted to the
unique characteristics of our problem, incorporating both
spatial and temporal dimensions. A prediction includes a
temporal range [ts,t.], and a set of spatial points (x;,y;)
for each camera view ¢. Assuming a two-view setup, a pre-
diction is represented as:

P = (¢, [ts, te], (&1, 1), (22, 92))

where c is the maximum score across predicted classes.
To determine matches, we compute the IoU for the tem-
poral dimension and the Euclidean distance for the spatial
component. Temporal IoU is defined as:

GNP
lou, — G0 14
|G+ U Py
where G; = [ts,t.] is the ground truth time range and

P, = [ts, 1] is the predicted time range.

For spatial matching, we compute the Euclidean distance
between the predicted and ground-truth interaction points in
meters. Since our dataset is captured from top-view cam-
eras, direct person area estimation is unreliable. Instead, we
normalize distances by computing a pixels-to-meters con-
version factor f;, which is specific to each camera view
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Figure 4. Diagram of the model architecture: Two input video views are processed by a backbone network, generating extracted feature
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concatenated, and a view-specific positional embedding is incorporated before passing it to a DETR-like decoder along with learned action
query vectors. For each action query, the model predicts class labels, time intervals, and spatial coordinates for both input views.

1. To estimate this factor, first, we first used a proprietary
dataset of over 10,000 3D poses to compute the average
length in meters of human bones, provided as part of the
metadata. Then, for each video individually, we measured
the length of each bone in pixels and divided it by the cor-
responding average length in meters. The resulting ratios
were averaged across all bones of the person in the video to
obtain the pixel-to-meter factor for that specific person and
video. The spatial distance for view ¢ is then given by:

di = fi /(@i — )2+ (i — yi)?

A prediction is considered a match if:

IoU; > 7 and min(dy,ds) <7

where 7; and 7, are predefined temporal and spatial
thresholds, respectively. The spatial condition ensures that
the prediction is valid if it falls within the acceptable dis-
tance in at least one of the available views.

Metric Computation — For each combination of spatial,
temporal, and confidence thresholds, we construct a three-
dimensional evaluation matrix. Following the standard
COCO evaluation protocol, we compute precision-recall
curves and enforce monotonicity as in Pascal VOC. From
these, we derive two matrices of Average Precision (AP)
values: one for spatial thresholds and another for temporal
thresholds.

To obtain an overall performance metric, we compute
the mean Average Precision (mAP) by averaging over all
threshold settings:

1 N
mAP:NZ;AB

where N is the total number of threshold configurations.
Additionally, to capture spatial and temporal behavior inde-
pendently, we compute Spatial Average Precision (mAP;)
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by averaging over the lowest temporal IoU threshold and
Temporal Average Precision (mAP;) over the highest dis-
tance threshold. The full curves for different thresholds can
also be visualized in Figure 5 to analyze model performance
in detail.

8. Experiments

Dataset splits — To ensure a fair evaluation and prevent data
leakage, we partition the dataset into three splits, which
we release along with the dataset. Since the same indi-
vidual may appear in multiple videos, we construct the
train/validation/test split such that all clips of a given indi-
vidual appear exclusively in either the training, validation,
or test set. Specifically, we allocate 2,000 individuals to the
test set, 1,000 to the validation set, and assign the remaining
individuals to the training set. This results in 2,501 samples
in the test set, 1,277 in the validation set, and 17,222 in the
training set. Note that person identifiers are withheld to pre-
serve anonymity. Aside from the individual-based partition-
ing, all other elements are sampled randomly to maintain a
consistent data distribution across splits.

Model Training — For our trainings, we subsample videos
to 16 frames and apply preprocessing and augmentation
to improve generalization. We apply random cropping
and horizontal flipping, with a final cropped resolution of
224 x 224 pixels. The model is trained with a batch size
of 10, using gradient accumulation to simulate an effec-
tive batch of 1024. We use 5 action queries per sample
and train with automatic mixed precision (AMP) on a single
A100 GPU. Optimization is done via AdamW (5; = 0.9,
B2 = 0.999) at an initial learning rate of 0.0001 with cosine
annealing scheduler over 40 epochs. Finally, to improve
stability, we apply gradient clipping.

Quantitative Results — To establish baseline performance



for our dataset, we train our head architecture using six
different backbones. All models are fine-tuned on the
training set and evaluated on the test set, with the ex-
ception of ViT-giant [22], for which only the head was
trained while the backbone remained frozen. Our evaluation
includes two convolutional video backbones—MoViNet-
A2 [14] and SlowFast-R101 [8]—as well as four state-
of-the-art transformer-based architectures: Multiscale Vi-
sion Transformer (MViT) [7] and three variants of ViT [5]
(small, medium, and giant). For all ViT models we use
models pretrained using MAEv2 methodology [22] on the
Kinetics-700 dataset [4].

Table 2 presents a comparative analysis of all models
based on three key metrics mAP, mAP; and mAP;. Among
the tested models, MViT-b [7] achieved the highest global
and spatial performance, while MoViNet-A2 [14] demon-
strated superior temporal localization accuracy. Figure 5
further illustrates the mAP, and mAP; curves as functions
of spatial and temporal thresholds.

Notably, while model rankings remain relatively stable
across temporal thresholds, spatial performance varies sig-
nificantly across different spatial threshold regimes. For in-
stance, MoViNet-A2 exhibits the lowest accuracy at low
spatial thresholds but achieves the highest performance at
larger thresholds. This suggests that the model struggles
with precise spatial localization. Conversely, models like
SlowFast-R101 that perform well at lower spatial thresh-
olds but degrade at higher ones appear to have an appropri-
ate spatial output resolution for the task but may suffer from
suboptimal detection behavior.

Model Finet. Arch mAP mAP, mAP;
Movinet-A2 [14] v Conv 33.5 43.8 60.9
SlowFast-R101 [8] v Conv 40.2 50.4 53.2
MVIiT-b [7] v Transf. 41.7  55.6 58.2
ViT-small [5, 22] v Transf. 28.3 424 46.9
ViT-base [5, 22] v Transf. 31.1 45.7 47.0
ViT-giant [5, 22] - Transf.  38.5 50.3 58.0

Table 2. Performance comparison of different backbones. Top two
lines are convolutional architectures whereas the others are trans-
formers. Every backbone is pretrained on generic action recogni-
tion datasets. ViT-giant backbone has been frozed during finetun-
ing on our dataset.

9. Conclusions

This paper introduced RetailAction, a novel dataset and
benchmark for multi-view spatio-temporal localization of
human—object interactions in real-world retail environ-
ments. Unlike existing datasets, RetailAction provides a
large-scale collection of videos from operational conve-
nience stores with fine-grained point-based annotations of
interactions. With 21,000 samples and 41 hours of video,

2386

/

Model Architecture
Movinet-A2
SlowFast-R101
MViT-b
ViT-small
ViT-base
20- ViT-giant
7011 022 03 04 0.5 0.6 0.7 0.8 0.9 10

Distance Threshold (meters)

0.050.100.150.200.250.300.350.400.450.50
Temporal loU Threshold

Figure 5. Comparison of mAP; and m A Ps metrics against tem-
poral IoU and spatial thresholds, respectively. Each curve repre-
sents the performance of a different backbone tested.

it presents a more realistic and challenging benchmark for
action detection in a retail environment.

Our key contributions include: (i) an automated data col-
lection pipeline leveraging 3D pose tracking, kinematic in-
teraction detection, and dynamic frame rate adjustment; (ii)
a precise annotation protocol focusing on interaction loca-
tions; (iii) novel evaluation metrics that account for both
spatial and temporal accuracy; (iv) baseline performance
evaluation using a DETR-based model with state-of-the-art
backbones; and (v) public release of the dataset.

Experimental results indicate that while current methods
achieve reasonable performance, there is ample opportunity
for improvement in precise spatial localization. The best-
performing model, MViT-b, reached a mAP of 41.7%, high-
lighting the need for approaches that better exploit multi-
view data and address the complexities of retail scenes. We
also note that the choice of backbone significantly influ-
ences performance, suggesting potential for tailored archi-
tectures.

Future work could extend the dataset to include more
unpublished data, as well as explore models that better
integrate multi-view, semi-supervised, and contextual in-
formation. We believe that RetailAction will serve as a
valuable resource for advancing methods to understand hu-
man—object interactions in complex, real-world settings,
with potential applications in retail analytics and automa-
tion.
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