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Recognizing Human-Object Interactions (HOI) is essential for intelligent systems, underpinning applications in virtual and
augmented reality, embodied Al, and assistive robotics. However, vision-based HOI methods face challenges in privacy
concerns and poor light conditions. In this work, we introduce RF-HOI, the first framework that only uses radio frequency
(RF) signals for HOI recognition. A key challenge of RF-HOI is that single-modality RF sensing is insufficient to recognize
both actions and the objects being interacted with. RF-HOI addresses this through a novel modality fusion that combines
mmWave radar and RFID, enabling simultaneous action recognition and target identification. Another challenge is limited
training data across diverse setups, which impairs the generalizability of the recognition model. To overcome this, we develop
a simulator that synthesizes multimodal RF data for diverse HOIs at scale, allowing us to fine-tune with only a small amount
of real-world data. Experiment results show that RF-HOI outperforms all baselines, approaching vision model performance,
and that our diverse synthetic training data can significantly boost our system’s performance on real-world scenarios. These
results highlight the potential of multimodal RF sensing for robust and privacy-preserving HOI recognition as well as the
effectiveness of our RF data synthesis.
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1 Introduction

Recognizing Human-Object Interactions (HOI) is foundational to human activity understanding tasks such as
action anticipation [81] and goal inference [93, 97, 135, 141]. This capability is crucial for intelligent systems that
are designed to interact with humans, including virtual agents in Virtual Reality (VR) [8, 38] and Augmented
Reality (AR) [48], and assistive robots [97, 101]. HOI recognition specifically seeks to simultaneously classify
the human action and identify the interaction target—the object being manipulated [12, 33, 131, 133]. This joint
recognition provides more information than the widely studied Human Activity Recognition (HAR), which
considers only the action. For example, in Fig. 1, when a user picks up a book, HOI recognizes a full tuple <pick
up, book>, whereas HAR outputs only the action <pick up>.

While advances in computer vision have spurred extensive research on image- and video-based HOI recognition
[12, 33, 66, 68, 131, 133], these approaches face significant real-world challenges. Specifically, vision-based methods
are constrained by privacy concerns [143], degraded performance in poor or variable lighting [29], and challenges
in distinguishing visually similar objects [15]. Such issues hinder their long-term and ubiquitous deployment,
particularly in privacy-sensitive environments like bathrooms or bedrooms, or in variable lighting throughout
the day. In contrast, recent advances in wireless sensing have demonstrated that Radio Frequency (RF) signals can
enable effective user action classification [9, 70, 103, 113, 132, 140, 142] and target identification [30, 72, 96, 112],
while remaining robust to lighting conditions and maintaining user privacy.

Further, driven by the adoption of commercial products, wireless sensing systems increasingly have the
potential to leverage existing infrastructure, thereby reducing deployment effort and hardware cost. For example,
mmWave radars have been widely integrated into off-the-shelf smart home products by companies such as
Xiaomi [123] and Logitech [73]. In parallel, many real-world environments already deploy RFID tags as part of
existing systems. In retail settings, retailers such as H&M [36] and Decathlon [19] routinely attach RFID tags to
individual products to support inventory management, customer assistance, and fast checkout. Beyond retail,
RFID-tagged personal items are also common in commercial healthcare and assisted living environments [6, 86],
where medication containers, daily necessities, and assistive tools are tagged for tracking and safety purposes.
RFID tags have further been adopted in smart home environments [25, 99], where reusable containers or packages
can be instrumented to support activity monitoring and context-aware assistance. Moreover, RFID readers can be
implemented in lightweight and wearable forms, such as wrist-worn [11] or hand-held [10] devices, which have
been adopted in practical retail [110] and healthcare [85] deployments. Building on these existing deployments,
our system leverages RFID-tagged objects to enable HOI recognition, reducing the need for additional sensing
infrastructure while providing reliable object identification.

In light of the above, we propose RF-HOI, the first exploration of HOI recognition using only RF signals. In a
privacy-preserving manner, RF-HOI focuses on single-user HOI recognition with commercial devices, offering a
better user understanding in indoor scenarios. Despite these advances, applying wireless sensing techniques to
HOI recognition is non-trivial, since it faces two challenges.

(1) Single modality design cannot be directly extended for HOI tasks. As to be detailed in Sec. 2.1, although single
modality can address a subtask of HOI like using mmWave radar for HAR or RFID for target identification, none
of them can address the tasks at the same time. Furthermore, naively combining the two modalities is insufficient
for HOI because it will miss the mapping between the action and objects. To grapple with these challenges,
we propose a multimodal system that organically combines the advantages of the mmWave radar and RFID
modalities for the HOI tasks. As illustrated in Fig. 2, each candidate object is attached with an RFID tag, while the
human does not wear any devices. We use an mmWave radar to collect signal changes introduced by human
actions and an RFID reader to collect the signal changes of all RFID tags. We devise a deep neural network to
effectively fuse the two modalities. The model first applies modality-specific encoders to extract spatiotemporal
features within each modality. Because HOI durations vary across scenarios, we use transformer-based temporal
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Demo Application for RF-HOI: Goal inference

HAR sequences: [<sit down>, <stand up>, <pick up>, <put down>] _

The user aims to organize the chair? Maybe | can help clear the path for the chair. @
| want to understand the user better HOI sequences: [<sit down, chair>, <stand up, chair>, <pick up, book>, <put down, book>]
while preserving the privacy! The user aims to check the book! Maybe | can help deliver another book to the user. @

Fig. 1. Using RF signals, RF-HOI can understand the user better in a privacy-preserving way by recognizing the user’s
interaction with objects. Compared with HAR, HOI recognition considers both human actions and target objects. As is shown
in the figure, one of the applications of HOI recognition are the goal inference task. The agent can infer a more appropriate
goal of the user based on HOI sequences, and then provide assistance correspondingly.

blocks to handle variable-length sequences. Then the model performs cross-modal fusion and decouples the
output of actions and objects with two separate branches for better generalizability and interpretability.

(2) HOI recognition introduces much more costs on data collection. To date, there is no dataset with object
annotations for RF-only HOI recognition. Building such a dataset is costly for two reasons. First, the number
of HOI categories far exceeds those in HAR [70, 103, 113], inflating annotation costs [66]. Second, for model
generalizability, wireless sensing datasets have to cover diverse setups (e.g., user orientation, distance, body shape,
and environment), which is especially important for HOI recognition since both actions and targets are affected
by setups. Consequently, it is prohibitively expensive to assemble a sufficiently diverse, well-annotated real-world
dataset for RF-based HOI recognition. To address this challenge, we first analyze the impacts of various factors to
guide future large-scale data collection. To improve model performance and generalizability with limited real
data, we develop an RF signal simulator that generates synthetic HOI data using well-annotated 3D-mesh traces
from recent works in computer vision[49-51]. This enables the generation of diverse synthetic data, including
7,518 well-annotated multimodal samples. We highlight that the simulator enables the generation of synthetic
data with expanded object categories. When these categories exhibit interaction patterns similar to those seen
during training, a recognition model pre-trained on such synthetic data can generalize to them, even though they
are not included in real-world fine-tuning. Finally, for evaluation purposes, we build a data collection platform
and collect 3,615 real-world samples across 78 distinct setups. We pre-train the proposed modality-fusion model
on synthetic data and fine-tune it on a small subset of real-world samples to bridge the sim-to-real gap.

We conduct comprehensive evaluations using the collected real-world data. Results show that RF-HOI achieves
an average accuracy of 96.97%, with only a 1.96% performance gap compared to the vision baselines. RF-HOI
outperforms its non-fusion variant by 21.29%, RFID-only by 32.90%, and mmWave-only by 73.20%. Moreover,
incorporating synthetic data boosts performance by an average of 12.00% across various real-world training set
sizes and by 12.09% across different numbers of seen setups.

Our contributions can be summarized as follows:

o To the best of our knowledge, we are the first to address HOI recognition only using RF signals, providing
a privacy-preserving alternative to vision-based methods.

e We introduce a novel multimodal approach that combines mmWave radar and RFID sensing for HOI
recognition. We design a modality fusion network that processes spatiotemporal features and outputs
decoupled HOI recognition.
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Fig. 2. Overview of RF-HOI Framework.
Table 1. Compare different sensing settings. RF-HOI fuses both mmWave and RFID modalities.
. . . Fine-grained Target User HOI
Modality Device assistance s . eet. . ot
action capture identification convenience recognition
mmWave Device-free HAR [9, 70, 103, 117, 142] Yes Low High Low
Tags on objects [4, 5, 64, 75, 105] No Medium High Low
Tags as background [41, 108, 113, 119] No Low High Low
RFID Tags on objects [35, 60, 106, 139] No Medium High Low
Tags on humans [52, 115, 120, 130] Yes Low Low Low
RF-HOI Tags on objects Yes High High High

e We develop a multimodal simulator that can synthesize diverse, high-quality RF data, enabling improved
HOI recognition performance and supporting generalization to unseen object categories with similar
interaction patterns, especially when real-world RF data is limited.

e We build a real-world prototype using commercial devices for experiments across different distances, orien-
tations, environments, and users. Extensive evaluations demonstrate the effectiveness and generalizability
of RF-HOI in the real world.

2 Challenges and Motivation
2.1 Deficiency in single modality

For effective HOI recognition, a sensing system must capture fine-grained action features, identify the target object,
and offer user convenience. However, as summarized in Table 1, widely used single-modality approaches—such as
mmWave-only or RFID-only—fall short of meeting all these requirements.

mmWave suffers for target identification. While mmWave radar, like vision-based approaches, can capture
fine-grained action features in a convenient device-free manner, it is largely limited to HAR tasks [9, 69, 70, 83,
103, 117, 142]. Target identification is challenging for mmWave in device-free settings, as commercial mmWave
radars lack the resolution to directly distinguish objects [1]. Even advanced solutions with larger radar arrays
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(c) The tag attached to the phone in <pick up, phone> (d) The tag attached to the table in <wipe, table>

Fig. 3. Photos and corresponding RFID signal phases of the tag attached to the target object in two different interactions.

[137] or metasurfaces [118] typically infer object identity from contours and can only handle one object at a
time [13, 34], making them unsuitable for HOI scenarios with multiple candidate objects. Attaching mmWave
tags to objects [4, 5, 64, 75, 105] may support object identification via tag ID and localization, and could be an
option in the future with hardware improvements and commercialization. At present, however, these solutions
are impractical because they require specialized hardware design and their tags may be expensive or require
external energy.

RFID suffers for capturing action features. While attaching RFID tags enables target identification, RFID-
based methods face significant limitations in action recognition. First, placing large arrays of RFID tags in the
background [28, 41, 108, 113, 119] introduces a high deployment cost, has a limited update rate due to the limited
RFID reading capacity, and needs to constrain the activity between reader and tags. Second, attaching tags to
target objects [35, 60, 106, 139] enables target identification only when the object is moved, but fails to capture
action features or recognize interactions where the user does not touch the tag or move the object—situations
common in HOI tasks. For example, as is shown in Fig. 3, using a four-antenna RFID reader, we observe distinct
phase changes during the <pick up, phone> interaction when the tagged object was moved, but minimal phase
variation during <wipe, table> when the tag (affixed to a stationary table) was not directly manipulated. Without
discernible patterns in RFID signals, accurate action classification becomes infeasible for RFID-only approaches.
Finally, although directly attaching tags to the human body [52, 114, 115, 120, 122, 130] can capture fine-grained
actions, this approach is impractical for real-world deployment as it is inconvenient for users.

Therefore, we argue that it is essential for RF-HOI to integrate both mmWave and RFID sensing for HOI
recognition—leveraging mmWave for robust action classification, RFID for accurate target identification, and
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their complementary contextual information to enhance overall performance. We will present our multimodal
data preprocessing pipeline in Sec. 3.2 and our fusion network design in Sec. 3.3.

2.2 High data collection cost for HOI

RF-HOI faces three key challenges in applying empirical recognition models:

The novel RF modalities require customized data and annotation. Unlike prior works on HAR [18, 62],
existing datasets cannot be repurposed, and there is no RF signal-based HOI dataset available. Most HOI datasets
are designed for vision-based approaches and contain only images or videos. Meanwhile, existing RF-based HAR
datasets typically lack object interaction scenarios and do not provide the necessary HOI annotation.

Data collection needs to cover diverse setups. For comprehensive evaluations, data collection must include
a wide range of setups — combinations of user orientation, distance to the device, background environment,
and body shape [14, 140], as illustrated in Fig. 4. Inadequate coverage of these factors in the training set can
significantly impact HOI recognition performance. To demonstrate this, we conducted a preliminary study using
data that varies across two environments, two users, three distances, and two orientations. For each factor, we
reserved all samples with one specific value as the unseen factor from the training set and used them for testing,
while the baseline included all factors in training. As shown in Fig. 5, HOI accuracy drops by 49.41% for unseen
orientation, 25.32% for unseen distance, 44.06% for unseen user, and 29.69% for unseen environment, highlighting
the importance of diverse setup coverage.

HOI tasks introduce many categories with the combination of actions and objects. However, despite
previous works on HAR [17, 113, 140], collecting sufficient and diverse data for HOI recognition is even more
challenging. Considering the same number of actions, HOI recognition usually has more categories than HAR,
since one action may have multiple candidate target objects. As a consequence, we have to collect and annotate
more samples if we want to cover every possible setup for each HOI category [66]. Suppose we want to cover
three environments, five users, four distances, and seven orientations for seven actions with three candidate
target objects on average. Then, if we repeat each HOI category five times in each setup, the total number of
samples we need to collect will be the product of the above numbers, i.e., 3X5X 4 X7 X7 X3 X5 = 44, 100. In fact,
this number has exceeded the size of many large-scale benchmarks for HAR, with only a few factors considered.

Given the high cost of real-world data collection, and inspired by numerous HAR studies leveraging synthetic
data [2, 9, 14, 22, 23, 61], RF-HOI adopts synthetic data to enhance model performance with limited real-world
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(a) RT heatmap (b) RD heatmap (c) AoA heatmap

Fig. 6. Examples for mmWave heatmaps.

samples, thereby reducing data collection effort. We detail the simulator design and the integration of synthetic
data in Sec. 3.4.

3  Methods

3.1 Overview

As shown in Fig. 2, RF-HOI comprises three main components: real-world data collection, data synthesis, and
HOI recognition modeling. We first collect mmWave and RFID data in real-world settings, followed by RF signal
preprocessing through our data preprocessing module. Subsequently, a modality fusion model is designed
to integrate the complementary strengths of both sensing modalities. To address the limitation of real-world data,
we use our proposed RF-HOI simulator to generate large-scale synthetic data. The model is initially pre-trained
on this synthetic data to enhance generalizability, then fine-tuned using a small subset of real-world samples,
and finally evaluated in real-world scenarios.

3.2 Data Preprocessing

RF-HOI leverages both mmWave and RFID signals to identify human actions and target objects. However, these
raw signals are often noisy, high-dimensional, and complex-valued, which complicates the design of suitable neural
networks [142]. To address this, we introduce a dedicated data preprocessing module in RF-HOI that processes
the raw signals, enabling the effective application of established model architectures such as convolutional neural
networks (CNNs) and transformers [111].

3.2.1 Preprocessing mmWave data. We adopt spectrum-based mmWave representations as a task-driven design
for RF-HOI, using heatmaps to capture dense temporal measurements of motion-related range and velocity
responses. We acknowledge that mmWave point clouds [103, 128, 136] provide an alternative representation and
remain a promising direction for future work. Specifically, the raw mmWave radar data consists of Intermediate
Frequency (IF) signals with dimensions (N A’:ame, Nehirp> N1x, NRrx, NR), representing the number of frames, chirps,
transmitting antennas, receiving antennas, and samples per chirp, respectively. To begin, we apply a static clutter
removal algorithm [128] to mitigate background interference. Following standard processing pipelines [47], we
then compute a 2D Range-Time (RT) heatmap for distance features using Range-FFT, and a 2D Range-Doppler
(RD) heatmap for velocity features from each radar frame using Doppler-FFT. Finally, we extract the Angle of
Arrival (AoA) heatmap using the MUSIC algorithm [102]. As illustrated in Fig. 6, this process yields three 2D
heatmaps per radar frame, which can be directly fed into the proposed neural network model.
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Fig. 7. Structure of the modality fusion network. We carefully designs spatial and temporal feature extraction for each
modality, and then fuses the two asynchronous modalities at the feature level. The outputs are decoupled by two branches
to improve generalizability and interpretability.

3.2.2  Preprocessing RFID data. Suppose each candidate object is equipped with an RFID tag. The RFID reader
generates a table where each entry records the timestamp, tag ID, antenna ID, signal amplitude, and signal phase.

From this table, we first extract phase frames for each antenna-tag pair at each time step. RF-HOI primarily
utilizes the signal phase, as it is more fine-grained and reliable than amplitude [7, 80]. To account for the
asynchronous nature of RFID readings—resulting in different frame counts across pairs—we use nearest neighbor
interpolation for alignment [121], followed by a moving average for smoothing. Note that modeling the RFID
phase ¢(t) is challenging due to unknown multipath conditions, and accurate RFID localization typically requires
expensive hardware [67]. However, since our focus is on kinematic features of the target objects, we use the
phase difference between consecutive frames, Agp(t), as it effectively indicates movement direction by its sign.

Additionally, to leverage semantic information from RFID, we extract a tag table mapping tag IDs to object
names, and convert these names to word embeddings using spaCy [39]. This allows us to input meaningful object
semantics into the neural network.

3.3 Modality Fusion Network
3.3.1 Challenges. For each sample, after preprocessing, the data includes a matrix of (N 3, Nmap> Nmap) for

frame’

mmWave heatmaps, a matrix of (Njfmme, Ntag, Nant) for RFID phase differences, and object name embeddings

with a shape of (N;ag, Nemped), Where Npqp, is the heatmap size, Njfmme is the number of RFID phase difference
frames, N;q4 is the number of tags, Ny, is the antenna number, and Nempeq is the embedding dimension.

Fusing these two modalities is challenging due to their heterogeneity in both spatial and temporal dimensions.
In the spatial dimension, mmWave data provides three heatmaps, while RFID data offers phase differences Ag
for each tag-antenna pair, along with object name embeddings. The input dimensions and underlying physical
meanings differ significantly, which raises challenges in how to design the model to encode the information of
each modality.
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In the temporal dimension, mmWave radar has a fixed frame rate, but RFID readings are asynchronous and
vary over time [121]. As a result, each radar frame may correspond to a different number of RFID frames, and
real-world HOI samples may have varying lengths and frame counts. Therefore, it is difficult to process and fuse
both modalities’ temporal features at the frame level.

Moreover, directly outputting HOI categories with a single branch would limit the generalizability of the model
and cannot support unseen HOI categories (unseen action-object pair) when the constituent actions and objects
are seen. For example, the model cannot recognize <pick up, book> even when it has seen <pick up, bottle>
and <open, book> in the training data. In addition, coupling the action and object in one output leads to poor
interpretability since it is difficult to analyze the performance on action recognition and target identification
separately [66, 144].

To address these challenges, we propose a fusion network, as illustrated in Fig. 7. We first extract spatial
and temporal features independently for each modality, and then fuse these representations for joint action
classification and target identification. Further, the proposed network decouples the output of actions and objects
with two separate branches for a better generalizability and interpretability.

3.3.2 Spatial features extraction. After preprocessing, each radar frame contains three heatmaps of size Nyqp X
Nimap- To extract features related to range, velocity, and angle, we feed each heatmap into a dedicated heatmap
encoder. As illustrated in Fig. 6, each heatmap resembles an image, making convolutional neural networks (CNNs)
an effective choice for pattern extraction, as CNNs excel at capturing patterns in mmWave heatmaps [127]. Each
heatmap encoder consists of two single-channel CNN layers followed by a max-pooling layer. The outputs from
the three encoders are then concatenated and passed through a two-layer linear block to integrate features across
all heatmaps.

For the RFID branch, we obtain a matrix of shape (NRmme, Ntag> Nant), comprising the Ag phase differences
for each tag-antenna pair at each frame. We observe that the phase differences from one tag to multiple antennas
form a coordinate-like vector related to the tag’s position. Inspired by prior work with 3D coordinates [128], our
phase encoder uses linear layers to project the input into a high-dimensional space, providing better capacity
to distinguish motion patterns. To ensure stable training and effective feature normalization, we use Layer
Normalization [3] instead of the commonly used Batch Normalization [46] within each block. It is because Layer
Normalization normalizes along the feature dimension only, while Batch Normalization operates across batches
and can disrupt temporal dependencies, potentially reducing model performance.

3.3.3 Temporal features extraction. To address the varying frame rate of RFID data, we extract temporal features
independently within each modality and then fuse them via concatenation.

For the mmWave branch, after spatial feature extraction, we obtain a matrix of shape (Nf]gl e’
Nfrjv‘fi me 18 the number of frames and N, é\i”m is the feature dimension for each frame. We add trigonometric positional
encodings [111] and process the sequence through three Transformer Encoder layers. To summarize temporal

information, mean pooling is applied across the time dimension, resulting in a vector of size N é‘fm for each sample.

Né\./[ ), where
m

For the RFID branch, we apply a similar temporal transformer to obtain a vector of dimension N £m. The word
embeddings of object names are projected using a linear layer into the same feature space, N(ﬁm. We concatenate
the temporal features and projected embeddings, and further align the vector dimension to N é‘i’fm using a linear
block, preparing the features for fusion with the mmWave branch.

3.3.4  Fusion and decoupling output. After processing within each modality, we concatenate the features from
mmWave and RFID modalities and feed them into two output branches: an action classifier and a target identifier.
In this way, both branches utilize information from both modalities for decision-making, while disentangling the
two outputs for a better generalizability and interpretability. Each output branch is composed of linear layers
and produces either the action category or the target object, respectively. Let [05S,ction and [0ssiarger denote the
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Fig. 8. Overview of the RF signal simulator. Our simulator can synthesize both mmWave and RFID data given a mesh sample.

cross-entropy losses for the action classifier and target identifier. The total loss is defined as their weighted sum:
lossotal = L0SSaction + @ * 10SStarget, (1)

where « is a hyperparameter that balances the two losses. Finally, the model outputs the predicted action category
and the tag ID of the target object among the input RFID matrix.

3.4 Generating Synthetic Multimodal RF Data

To boost model performance with limited real-world training data and enhance generalizability to unseen factors,
we propose generating large amounts of synthetic data using a custom-built simulator. As illustrated in Fig. 8,
the proposed simulator supports multimodal RF data synthesis, i.e., both mmWave and RFID data. In this section,
we detail the design of our simulator.

3.4.1 Determine principles of simulation. Existing RF signal simulators for wireless sensing are typically based
on either data-driven methods [2, 16, 22] or physics-based methods [9, 14, 23, 54, 61]. Although data-driven
simulators are versatile, their models are usually trained on non-HOI datasets and lack interpretability. As a result,
synthesizing HOI data using data-driven approaches may lead to inconsistent representations between modalities,
such as mismatched object movements and user actions. To ensure both explainability and reproducibility, we
adopt a physics-based approach to build our RF signal simulator.

3.4.2  Prepare input to the simulator. We choose ray tracing to simulate mmWave signals, as it is the most widely
used technique among physics-based methods. However, ray tracing requires well-annotated 3D mesh data as
input, which is particularly challenging for HOI tasks. Unlike HAR tasks—where generative models can produce
human mesh data—generating meshes for HOI is more difficult due to the added complexity from diverse objects
and their geometries [24, 94, 125]. This complexity can cause mismatches between human motion and real object
movements, making datasets from motion capture systems preferable for realism.

Fortunately, several HOI datasets with human mesh have been released in the computer vision community [49-
51]. Since our simulator can accept input from any HOI dataset that provides 3D mesh data and HOI category
annotations, it is compatible with datasets either from motion capture or generative models in the future. Among
the options, we select the TRUMANS dataset [51] as the most suitable, because it is fully public and richly
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Fig. 9. The coordinates in three axes of the object and the hand in a ‘pick up’ action.

annotated with action names, target object names, and details about each interaction—whereas other datasets
generally lack object information.

3.4.3 Build the simulator. After preparing the mesh dataset, we develop a physics-based simulator for RF-HOI
that jointly synthesizes mmWave and RFID data. Specifically, our mmWave signal synthesis module builds upon
RFGen [14], an open-source ray tracing framework originally designed for HAR. Instead of using generative
models for human mesh, we adapt this framework to accept 3D mesh data from public HOI mesh datasets.
Although the heatmap representations used in our system contain reflection intensity information, we do not aim
to precisely model absolute radar cross section (RCS) [100] in simulation. Instead, all heatmaps are normalized to
the [0,1] range using min-max normalization, which substantially reduces the influence of absolute intensity
values that depend on distance, angle, and material properties. This design choice encourages the model to
focus on relative spatiotemporal patterns and motion-induced structures that are more consistent between
simulated and real-world data, rather than relying on absolute reflection strength. We note that spectrum-based
representations have been widely adopted in prior radar sensing work [9, 53, 129], and these studies have also
demonstrated that simulated radar data can effectively enhance downstream performance when combined with
appropriate domain adaptation strategies.

However, RF-HOI requires not only mmWave data but also RFID data, which is not supported by any existing
tools. Moreover, ray tracing cannot be directly applied for RFID simulation due to two reasons: (1) Ray tracing
introduces large errors with RFID frequencies due to geometric approximations [109], as RFID operates at much
lower frequencies than mmWave; and (2) Accurate object coordinates are needed to correctly position meshes for
ray tracing, yet only a small portion of the TRUMANS dataset includes such annotations. This constraint would
significantly reduce the number of usable samples for ray tracing if applied to RFID.

To address the challenges above, we design the RFID data synthesis module to directly simulate RFID signal
phase differences based on physical principles, focusing on object movement. We use phase differences (Ag)
to capture the kinematic features relevant to our model. In this way, we do not require explicit object position
annotations, since A¢(t) depends solely on the distance change between adjacent frames. For static objects, we
set Ap = 0. For moving objects, the TRUMANS dataset provides information on which hand the user uses during
interaction, and the SMPL-X human body mesh [92] supplies precise hand locations. As shown in Fig. 9, the hand
and the target object’s trajectories are highly similar during interaction. Thus, we use the corresponding hand
location as a proxy for the object’s location to calculate Ag. Additionally, for non-target candidate objects, we
assign them random object names from TRUMANS and set A¢ = 0 for their phases.

To bridge the gap between synthetic and real-world data, we apply three data augmentation steps: (1) Simulate
packet loss by randomly dropping samples, emulating EPC Gen2 RFID standard collisions [124]; (2) Add Gaussian
white noise to the synthesized phase signals; and (3) Normalize the data to reduce the impact of outliers. Fig. 10
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Algorithm 1: Synthetic object category expansion

Input: Original object categories O,;4; new object categories Ope.,; Object-agnostic action list A; original
synthetic dataset D
Output: Expanded synthetic dataset D*
Oall — Oold U Onew;
D* «— D;
foreach sample (a,0) € D* do
if a € A then
Randomly sample a new object category o’ ~ Ogy;

[

Replace the original object category o with o’;
Update the corresponding object name embedding using o’;
end

L= N - T, B

end
return D*

=
=)

presents a comparison of our synthesized A¢ during a pick-up action with real-world measurements (using one
antenna and six objects). In both cases, the target’s Ag is clearly distinguishable from those of other candidates.

3.5 Generalization to New Object Categories

In HOI recognition, the space of object categories is typically much more diverse than that of action categories,
as similar interaction dynamics (e.g., pick up or put down) can involve a wide range of objects. This makes
generalization to unseen object categories particularly challenging.

3.5.1 Challenges. The difficulty mainly arises from two aspects. First, in conventional formulations that treat
each HOI as an independent class, the model is required to recognize previously unseen action-object pairs,
which correspond to unseen categories at test time. Second, wireless signals are highly affected by environmental
factors and object properties, making it non-trivial to disentangle motion-related patterns from object-specific
variations without explicit modeling. To address these challenges, we design RF-HOI to support generalization to
new object categories from both the model and simulation perspectives.
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3.5.2  Model perspective. An intuitive approach to HOI recognition is to treat each HOI category as an independent
category and train a single-branch classifier over all combinations. However, such a formulation cannot generalize
to unseen object categories, as each new action-object pair corresponds to an unseen category. In contrast, our
model adopts a decoupled output design that separates action recognition from object identification. This design
is motivated by the observation that many HOI categories share common interaction dynamics across different
categories of objects. The object branch predicts the index of the target object within the candidate set for each
sample, rather than assigning a fixed global category label.

In addition, the RFID branch uses an input representation consisting of phase-based temporal features together
with object identity embeddings. For interaction primitives such as pick up and put down, the motion-induced
phase variations are primarily determined by interaction dynamics rather than specific object instances. As a
result, objects with similar interaction patterns can share transferable representations.

This enables action representations to generalize across objects, while object identity is inferred separately
from the RFID branch.

3.5.3 Simulation perspective. To further support generalization beyond the limited real-world dataset, we extend
object categories at the simulation level. Based on the observation that many interaction primitives are largely
object-agnostic in terms of motion dynamics, the simulation pipeline enables systematic reassignment or expan-
sion of object categories associated with the same interaction primitives. In practice, each action can be paired
with either existing or newly introduced object categories during RF data synthesis, without requiring additional
motion capture or mesh reconstruction.

3.5.4 Putting everything together. To extend RF-HOI to unseen object categories, we first expand the synthetic
dataset, as summarized in Algorithm 1. Specifically, we generate synthetic samples using our simulator and
update the object categories with the expanded object set. The resulting synthetic dataset is used to pre-train the
model, followed by fine-tuning on the same real-world dataset containing only the original object categories. The
model is then evaluated on real-world samples with unseen object categories.

4 System Implementation
4.1 Data Collection Platform

4.1.1  Hardware. We build the RF-HOI hardware platform using commercial components to collect real-world
data. As shown in Fig. 11(a) and Fig. 11(b), our setup includes a TI AWR1843AOP mmWave radar [45], an Impinj
R420 RFID reader [43] with four antennas [82], passive UHF RFID tags [90], and a Femto Bolt RGB camera [88].
In Fig. 11, we mark the attachment of RFID tags with yellow rectangles. The camera and the mmWave radar are
placed closely at about one meter above the ground, surrounded by the RFID antennas.

The mmWave radar transmits Frequency Modulated Continuous Wave (FMCW) signals with a frame length of
0.1 seconds, operating as a 3TX 4RX MIMO system (emulating a 3 X 4 virtual array with 1/2 A antenna spacing).
Each frame consists of 128 chirps (65 us duration, 256 sampling points per chirp), using a 3.9 GHz bandwidth
swept from 77 to 80.9 GHz. This configuration supports a maximum sensing range of 11 meters, range resolution
of 4.3 cm, maximum detectable velocity of 4.5 m/s, and velocity resolution of 7.1 cm/s. As is shown in Fig. 11(a),
the radar and RGB camera are mounted 1 meter above the ground, while the RFID antennas are placed around
the radar with 45 cm spacing.

The RFID reader is FCC-compliant and performs frequency hopping between 902.75 and 927.25 MHz across
50 channels. This induces phase discontinuities, which we calibrate by profiling the initial phase readings as
described in [121].

4.1.2  Software. We developed data collection software in Python to control all devices and collect multimodal
data. The RFID data acquisition module uses public Python APIs [89, 104]. Since the mmWave radar lacks a
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Fig. 11. Hardware platform and experiment setups. RF-HOI is evaluated in three different scenes with various multipath.

Python API but streams data via Ethernet, we capture data in real-time by sniffing the Ethernet interface. We
employ multi-processing to accelerate data handling and compress raw images to JPEG format for memory
efficiency. With these solutions, we enable real-time data collection from all sensors using a Dell G15 laptop [21]
with 16 GB of memory.

4.2 Real-world Data Collection

As shown in Fig. 11, to evaluate the robustness of RF-HOI, we collect real-world data across three distinct scenes:
a working space, a storage room, and a kitchen. Depending on the density of non-target objects, the three
environments exhibit different degrees of static multipath interference. The working space has few multipaths,
the storage room has medium multipaths, and the kitchen has rich multipaths.

In total, the dataset contains 17 HOI categories, including seven actions and eight objects, selected based on
the interaction taxonomy of the TRUMANS dataset [51]. While TRUMANS includes additional HOI categories,
we focus on those with sufficient samples to ensure reliable learning of interaction dynamics. Rather than
exhaustively enumerating all interactions, we focus on fundamental action primitives (e.g., pick, put, open, and
close) that capture core motion patterns and serve as building blocks for more complex behaviors. This design
facilitates learning transferable representations and supports generalization to unseen HOI compositions and
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object categories. During data collection, five other candidate objects are included in addition to the target object.
One instance of each object type is present at a time, each equipped with an RFID tag. Fig. 12 shows the distribution
of the duration of all samples in each category. We can see that in the real world, the duration distribution varies
both within and across categories, which highlights the importance of supporting variable-length samples when
we design the neural network.

We recruited five users (both male and female, heights ranging from 163 cm to 191 cm). For each sample, one
user stands in front of the sensors and performs a single <action, object> tuple. The subject-to-sensor distance
varies between 1 m and 3 m, within a +45-degree range in front of the sensors. Each action is collected in seven
user orientations, ranging from —90° to 90° (see Fig. 4). Data from mmWave radar, RFID, and RGB camera are
acquired for each sample.

In addition to HOI categories, each sample is annotated with its setup: a combination of environment, user
identity, user-sensor distance, and user orientation. Data are collected across 78 unique setups, with each user
repeating interactions 5 to 10 times in each setup. In total, the data collection process spans approximately
1.5 months and yields 3,615 real-world samples (617 GB). ! The data are randomly partitioned, with 30% used
for training and 70% for testing. This main dataset is used for overall evaluation of RF-HOI, including ablation
studies and assessing robustness across diverse setups. In addition, we collect an extra set of 625 real-world
samples dedicated exclusively to generalization evaluation, which are strictly excluded from any training or
model selection process. This additional dataset is used to evaluate the model under more challenging conditions,
including unseen object categories (five new objects leading to 10 unseen HOI categories), human-induced
occlusions (from hands or body), and dynamic environments with multi-user interference.

4.3 Data Synthesis Detail

We utilize the TRUMANS dataset [51] to provide mesh data for our simulator. TRUMANS contains 15 hours of
motion-captured data with fine-grained HOI annotations, featuring four female and three male participants and
a variety of target objects—including both static items (e.g., chairs) and dynamic items (e.g., bottles).

Prior to data synthesis, we filter out samples that do not match the categories shown in Fig. 12, and further
remove around 20% of samples that are either too short or too long. To enrich and expand the dataset, we

The data collection was approved by the IRB of the authors’ institution.
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systematically vary the distance between the human body mesh and the sensors from 1 to 3 m, and place sensors
at different orientations relative to the human mesh for each sample.

Using the RF-HOI simulator, we generate 7,518 synthetic samples comprising mmWave and RFID data with
well-annotated labels. The simulator also supports flexible object category assignment for generating diverse
HOI samples, which is later used to study generalization to unseen objects. By default, the synthetic dataset is
randomly split in half for training and validation.

4.4  Model Implementation and Training

We implement our proposed model (Sec. 3.3) using PyTorch [91], setting Nyap = 256, Nempea = 300, Ngfm = 1024,
and foim = 128. Each Transformer Encoder Layer in the temporal transformer block has two heads, and we use
LeakyReLU [79] as the activation function. The hyperparameter « is set to 0.5 to balance the two losses.

Different from some prior works [9, 113, 142], our model handles variable-length sequence inputs by leveraging
transformer blocks for temporal feature extraction. Since samples are processed in batches during training, we
pad all samples within a batch to the same length and provide both the padded sequences and corresponding
padding masks to the model.

For pre-training, the learning rate is set to 1 X 107>, We save the model weights after each epoch and select the
checkpoint with the best performance on the validation set for subsequent fine-tuning. During fine-tuning, we
use a learning rate of 1 x 107°. In both stages, AdamW [74] serves as the optimizer. Unless otherwise specified,
all model training and evaluation are conducted on a single NVIDIA A100 GPU.

5 Experiments
5.1  Metrics

In our experiment, for each sample, the model must classify the action among seven categories and identify the
target from six candidate objects. A sample’s HOI recognition is considered correct only if both the predicted
action and target object match the ground truth. We define the following metrics to evaluate performance:

(1) HOI Accuracy is the ratio of test samples for which both the action and target object are recognized correctly.
(2) Action Accuracy is the ratio of test samples for which the action classified correctly, independent of the
target object identification.

(3) Object Accuracy is the ratio of test samples for which the target object is identified correctly, independent of
the action classification.

5.2 Advantages of Modality Fusion

We first evaluate the effectiveness of our modality fusion network by comparing the proposed RF-HOI with the
following methods:

(1) RF-HOI w/o Fusion: The concatenation of the two modality features is removed; the action classifier receives
only mmWave features, while the target identifier receives only RFID features.

(2) RFID-only: Only RFID features are used for both the action classifier and target identifier.

(3) mmWave-only: Only mmWave features are used for both the action classifier and target identifier.

For each baseline, we first pre-train the model with the same amount of synthetic data as RF-HOI, then fine-tune
the model on the same amount of real-world data. We vary the percentage of real-world training samples used in
fine-tuning and repeat each experiment with five random seeds, reporting the average result to reduce variance
due to randomness.

As is shown in Fig. 13(a), increasing the amount of real-world training data leads to performance improvements
for all baselines, with RF-HOI consistently outperforming others. On average, the HOI accuracy of RF-HOI exceeds
that of RF-HOI w/o Fusion, RFID-only, and mmWave-only by 21.29%, 32.90%, and 73.20%, respectively. Specifically,

, Vol. 1, No. 1, Article . Publication date: July 2026.



RF-HOI: Recognize Human-Object Interaction with Radio Frequency Signals « 17

100 . 100 100 —

= 80 Q! < ‘ X 80 “L
S < | 2y 6
g 3 o T i RF-HOI
[$) @ ©
g 60 5 60] S 60 == RF-HOI w/o Fusion
3 Q T Q
8 Y g 40 2 4 RFID-only
< 40] 5 RE-HOI c e RF-HOI 5 mmWave-only
o == RF-HOI w/o Fusion % == RF-HOI w/o Fusion %
T 20 RFID-only £ 20 RFID-only o 20

“ mmWave-only mmWave-only

47— =3 50 67 8 100 733 50 67 8 100 97— =3 50 67 8 100

% of Real-world Training Samples % of Real-world Training Samples % of Real-world Training Samples
(a) HOI accuracy (b) Action accuracy (c) Object accuracy

Fig. 13. Effectiveness of modality fusion.

when using all real-world training samples, RF-HOI reaches 96.97% HOI accuracy, which is 19.87%, 36.07%, and
80.06% higher than RF-HOI w/o Fusion, RFID-only, and mmWave-only, respectively.

To further elucidate the advantages of RF-HOI, we present the action accuracy in Fig. 13(b) and the object
accuracy in Fig. 13(c). To be more specific, in terms of the action accuracy, RF-HOI outperforms that of RF-HOI
w/o Fusion, RFID-only, and mmWave-only by 5.35%, 26.54%, and 9.38%, correspondingly. Similarly, with regard to
object accuracy, RF-HOI outperforms that of RF-HOI w/o Fusion, RFID-only, and mmWave-only by 17.03%, 18.90%,
and 76.47%, correspondingly. Across both metrics, RF-HOI consistently outperforms all other baselines, confirming
the effectiveness of modality fusion for both action classification and target identification. Notably, using only
mmWave yields high action accuracy (exceeding 90%), but its object accuracy is close to random guessing among
six candidate objects (approximately 17%; see Fig. 13(c)). This limitation results in poor overall HOI accuracy.
Conversely, using only RFID achieves higher object accuracy but significantly lower action accuracy than all other
methods. Moreover, since features of interactive objects may reveal some action patterns and action patterns can
help narrow the candidate targets, RF-HOI consistently achieves higher action accuracy than mmWave-only and
higher Object accuracy than RFID-only.

Collectively, these results underscore the necessity of modality fusion and validate the effectiveness of the
modal fusion design in RF-HOIL.

5.3 Close Performance Between RF-HOI and Vision

Next, we evaluate the performance gap between RF-HOI and vision-based HOI recognition. Our vision baseline
utilizes RGB videos as input, extracting image features with a pre-trained ResNet [35] and modeling temporal
features using transformer blocks. Following InteractNet [31], the baseline includes two output branches for
action and target object identification, respectively. Each experiment is repeated with five different random seeds
to mitigate random variance.

Fig. 14 compares the results of RF-HOI and the vision-based method across varying percentages of real-world
training samples. While the video baseline performs slightly better than RF-HOI, the average gap is only 2.50%.
Furthermore, as the training set size increases, the gap narrows—reaching just 1.96% when using 100% of the
training data. Nevertheless, RF-HOI maintains key advantages over the vision baseline by avoiding privacy
concerns and remaining robust under poor ambient lighting conditions.

5.4 Effectiveness of Synthetic Data

As RF data collection for HOI recognition is expensive, synthetic data is important to enhance RF-HOI’s general-
izability. In this section, we evaluate the effectiveness of the proposed simulator for multimodal RF data synthesis.
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For a fair comparison, we fine-tune RF-HOI on the same real-world training set used by the baseline, while the
baseline trains the proposed RF-HOI model from scratch, without any synthetic data or pre-trained weights.

5.4.1 Generalizability to unseen HOI categories. First, benefiting from the decoupled output branches of actions
and objects in our model design, we evaluate whether RF-HOI can generalize to unseen HOI categories, i.e., unseen
action-object pairs, when the constituent actions and objects have been observed during training. This setting
focuses on compositional generalization, which is important for scaling HOI recognition beyond a predefined set
of categories.

To this end, we retain all HOI categories in the synthetic dataset, which provides broad coverage over action-
object pairs. In contrast, for the real-world dataset, we randomly select varying numbers of HOI categories as
unseen and reserve them exclusively for testing, while the remaining categories are used for training. Importantly,
we ensure that all action categories and object categories remain present in the training data, so that only the
action-object pairs are unseen. For a fixed number of unseen HOI categories, we repeat the random selection five
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Fig. 18. Impact of training set size.

times to reduce sampling bias. Fig. 15 compares HOI accuracy between RF-HOI and the baseline. On average,
RF-HOI outperforms the baseline by 7.84% in HOI accuracy and maintains an accuracy of 81.25% even when five
HOI categories are completely unseen during training.

The results indicate that our design on decoupling action and object predictions enables effective compositional
generalization, and that synthetic data further enhances this capability by expanding the coverage of the action-
object pairs space.

5.4.2 Generalizability to unseen object categories. Second, we evaluate generalization to unseen object categories.
In this experiment, we focus on ‘pick up’ and ‘put down’ actions, where the target objects never appear in the
real-world training data, and where the underlying motion patterns are largely consistent across different objects.

As shown in Fig. 16, we introduce five additional objects: jar, lunchbox, bowl, cup, and eyeglass case. This
corresponds to 10 unseen HOI categories in total, formed by five unseen objects and two actions (‘pick up’
and ‘put down’). We collect 145 real-world samples for evaluation only, covering three orientations, and do not
use these samples in any training or model selection process. This evaluation set is constructed to specifically
assess generalization to unseen object categories. In addition, we generate an enhanced synthetic dataset of 7,518
samples with expanded HOI categories following our design in Sec. 3.5, which provides sufficient coverage for
pre-training with extended object diversity. Models are pre-trained either on the original synthetic dataset or on
the enhanced synthetic dataset, and are fine-tuned using the same original real-world training data.

The results are shown in Fig. 17. Here, “Main (real)” and “Unseen objects (real)” denote evaluation on the
original real-world dataset and the newly collected unseen-object dataset, respectively, while the two bars
correspond to models pre-trained on the original and enhanced synthetic datasets. When pre-trained on the
original synthetic dataset, the model achieves high HOI accuracy on seen objects (94.5%) but suffers a substantial
drop to 71.3% on unseen objects. In contrast, pre-training on the enhanced synthetic dataset significantly improves
accuracy on unseen objects to 93.1%, while maintaining comparable performance on seen objects (90.5%). The
slight decrease on seen objects reflects a natural trade-off when expanding object coverage during pre-training,
rather than a degradation of the model’s recognition capability.

These results demonstrate that RF-HOI can effectively generalize to new object categories without additional
real-world training data, provided that the underlying action patterns are similar and that object-level expansion
is appropriately incorporated at the simulation stage.

5.4.3  Performance boost under the same amount of fine-tuning data. Third, we demonstrate that pre-training with
synthetic data significantly boosts RF-HOI’s performance, particularly when the available real-world training
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data is limited. Each experiment is repeated with five different random seeds to ensure reliability. By gradually
increasing the percentage of real-world training samples, we report HOI accuracy, action accuracy, and object
accuracy in Fig. 18. While both RF-HOI and the baseline improve as more real-world data are provided, RF-HOI
consistently outperforms the baseline given the same number of samples, with average gains of 12.00% in HOI
accuracy, 1.97% in action accuracy, and 12.48% in object accuracy. The benefit is especially pronounced with
fewer training samples: when only 17% of real-world data is used, RF-HOI surpasses the baseline by 30.74% in
HOI accuracy, 6.00% in action accuracy, and 36.01% in object accuracy.

5.4.4 Generalizability to unseen setups. Finally, we show that incorporating synthetic data improves RF-HOI’s
generalizability to unseen setups when the number of seen real-world training setups is limited. To evaluate
this, we randomly select varying numbers of setups as seen for training, with the remaining setups reserved
for testing. For each setup in the training set, five samples are included. We ensure that every possible value for
most factors (including environment, user, and distance) appears in the training data, but not necessarily in all
combinations. For the orientation factor, we specifically include —90°, 0°, and 90° instead of all orientations. Each
experiment is repeated with five different random seeds to ensure reliability.

As presented in Fig. 19, when the number of seen setups increases, both RF-HOI and the baseline improve, but
RF-HOI consistently achieves higher accuracy on the test (unseen) setups. On average, RF-HOI outperforms the
baseline by 12.09% in HOI accuracy, 5.50% in action accuracy, and 10.40% in object accuracy. The advantage is
especially marked with fewer seen setups; for example, with only 20 seen setups, RF-HOI surpasses the baseline
by 14.48% in HOI accuracy, 7.51% in action accuracy, and 10.54% in object accuracy.

5.5 Micro-benchmark Performance

Here, we would evaluate the performance of RF-HOI under various system settings.

5.5.1 Impact of fusion strategies. To validate the design choice of the modality fusion module in RF-HOI, we
compare it with two widely adopted state-of-the-art fusion strategies for multimodal learning:
(1) FiLM [26, 95]: Feature-wise Linear Modulation (FiLM), conditions the feature representations of one modality
using linear layers as feature-wise affine transformations generated from the other modality.
(2) Attention [44, 76]: Attention-based fusion models cross-modal interactions by allowing one modality to
attend to the other. We implement a cross-attention-based fusion module at the representation level.

For all baselines and RF-HOI, we adopt a consistent training pipeline. Specifically, all models are first pre-
trained on the same synthetic dataset, and then fine-tuned and evaluated on the same real-world dataset. During
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fine-tuning, we use 67% of the real-world training samples. To ensure a fair comparison, all models share identical
modality-specific encoders and training protocols, with the fusion module being the only component that differs.

As illustrated in Fig. 20, RF-HOI achieves the highest accuracy among the three fusion strategies, while the
performance gap between RF-HOI and attention-based fusion remains below 1%. This observation indicates that,
under the current experimental setting, more complex fusion mechanisms provide only marginal improvements
over our lightweight design. We note that the proposed framework is modular and can readily incorporate more
expressive fusion designs in the future.

5.5.2  Impact of mmWave encoders. To validate our design for the mmWave branch, we compare RF-HOI with
two state-of-the-art encoders proposed in previous HAR solutions:

(1) XRF-55 [113]: a multimodal network for HAR, where we substitute its mmWave branch into our model. Since
XRF-55 uses CNNs for temporal feature extraction, input samples are cropped to a fixed length for compatibility.
(2) CubeLearn [142]: a model that processes raw complex-valued mmWave data via a learnable preprocessing
module, followed by LSTM [37] blocks to track temporal features.

All models are trained from scratch using 67% of the real-world training samples. As illustrated in Fig. 21, RF-HOI
achieves 31.30% higher accuracy than XRF-55, and surpasses CubeLearn by 23.04%. The superior performance
over XRF-55 can be attributed to RF-HOI’s transformer blocks, which handle variable-length samples more
effectively. In comparison to CubeLearn, our design’s efficient preprocessing module enables the model to learn
decision boundaries more accurately when the dataset is limited.

5.5.3 Impact of the number of RFID antennas. In this section, we evaluate the impact of using different numbers
of RFID antennas. The model is trained from scratch using 67% of the real-world training samples, with the
number of antennas varied from one to four. As shown in Fig. 22, the HOI accuracies corresponding to 1, 2, 3,
and 4 antennas are 74.91%, 85.66%, 87.20%, and 87.87%, respectively.

Notably, increasing the number of antennas from one to two yields the largest performance improvement
(10.75%), while further increasing the array size from two to four results in only marginal gains (less than 3%).
This suggests that, although we use four antennas in our default configuration to achieve the best performance,
the proposed system does not fundamentally rely on a large antenna array. In practice, a compact configuration
with two antennas already achieves competitive performance, substantially reducing system complexity and
hardware cost while retaining most of the recognition accuracy.

5.5.4 Impact of balancing action classification and target identification. In this section, we evaluate the effect
of a, the hyperparameter controlling the balance between l0ssacrion and 10ss;4rge; in Equation 1. The model is
trained from scratch using 67% of the real-world training samples. As shown in Fig. 23, increasing « initially
improves HOI accuracy, which then drops sharply beyond a certain point. More specifically, when the value of
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a increases from 0.005 to 50, starting at 83.47%, the corresponding HOI accuracy first rises to 87.50% and then
drops to 69.11%. Notably, a larger (or smaller) « causes the model to prioritize action (or target) classification,
respectively. We therefore select a moderate value @ = 0.5, as both action and target identification are essential
for robust HOI recognition.

5.5.5 Impact of the pre-training dataset size. In this section, we evaluate how the scale of the pre-training dataset
affects performance. In this experiment, we vary the percentage of synthetic samples used for pre-training. After
pre-training, all models are fine-tuned with 67% of the real-world training samples and evaluated on the real-world
test set. As shown in Fig. 24, increasing the size of the pre-training dataset leads to a sharp improvement in
HOI accuracy, especially when the number of synthetic training samples is limited. For example, the accuracy
rises from 76.90% to 92.84% as the proportion of synthetic data increases from 20% to 40%. And the performance
gains gradually saturate and plateau around 94%. This result indicates that our synthesized dataset is sufficiently
large for current experimental settings; however, expanding the synthetic dataset may be necessary if more HOI
categories or setups are introduced in the future.

5.6 Robustness to occlusion and dynamic environment

5.6.1 Impact of people occlusion. We evaluate the robustness of RF-HOI under three people-occlusion conditions:
(1) No occlusion: All RFID tags remain unobstructed.

(2) Hand occlusion: The user partially covers the RFID tag on the target object with fingers during interaction.
(3) Body occlusion: Tagged non-target objects are placed behind the user, resulting in body-induced occlusion
along the antenna—user—object path. In the body-occlusion setting, the distance between the user and the occluded
objects ranges from approximately 20 to 50 cm.

For all three conditions, we collect a total of 270 real-world samples, covering three user orientations and four
actions that involve direct hand-object contact: pick, put, open, and close.

We first analyze the impact of people occlusion at the signal level. Fig. 25 compares the RSSI distributions of
the target object under no occlusion and hand occlusion. When the tag is partially covered by the user’s hand,
the RSSI distribution exhibits a clear left shift, with an average attenuation of 8.30 dB. This result confirms that
hand occlusion introduces substantial signal attenuation on the target tag, while still allowing the RFID signal
to remain readable within the considered range. This observation is consistent with prior works [59, 63, 119],
which show that RSSI is more susceptible to environmental interference than to motion patterns, and therefore
provides limited discriminative power for interaction recognition.

, Vol. 1, No. 1, Article . Publication date: July 2026.



RF-HOI: Recognize Human-Object Interaction with Radio Frequency Signals + 23

= With Hand occlusion == = Phone (target) === Book (occluded)
== = w/o Hand occlusion === Pen (occluded) === Others
1.0
0.8
-
w 0.6 g
[a)]
v} 2
0.4 o
o
0.2
0.0
-75 -70 -65 -60 -55 =50 -45
RSSI (dBm)
Fig. 25. Impact of hand occlusion on RFID RSSI. Fig. 26. Normalized tag phase differences under
body occlusion.
w7 wfo Occlusion mmm with Body Occlusion w77 wfo Dynamic Interference
mmm with Hand Occlusion mm® with Dynamic Interference
100 100 ~
. 7 7 7 7
ool Z Y 90 7 /
S Z S
> 80 7 > 80
(9] / o (9]
g Z <
> 70 > 70
g 7 7 g
60 7 60
7
50— Action Object HOI 50— Action Object HO!
Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
Category of Accuracy Category of Accuracy
Fig. 27. Impact of human occlusion. Fig. 28. Test RF-HOI with dynamic inference.

We note that the design choice of RF-HOI to use phase features is primarily motivated by their higher sensitivity
to object motion, which provides more discriminative cues for interaction recognition, rather than by occlusion
considerations alone. Fig. 26 visualizes one representative example of normalized RFID phase differences from one
antenna to multiple objects under body occlusion. Although the non-target objects placed behind the user exhibit
noticeable phase fluctuations due to body-induced dynamic occlusion, the target object (phone) consistently
shows larger phase variations than the occluded non-target objects, such as pen and book. This preserves a clear
contrast between the target and non-target objects.

We then present action, object, and HOI accuracy under the three occlusion conditions in Fig. 27. Across all
settings, RF-HOI achieves over 90% HOI accuracy, indicating strong robustness to people-induced occlusion. We
observe that hand occlusion only slightly degrades HOI accuracy, likely because the phase variations of the target
object’s tag remain observable, even though hand occlusion attenuates the RSSIL In addition, body occlusion
does not degrade performance and even leads to a slight improvement. A possible explanation is that placing
non-target objects behind the user reduces their interference, while the mmWave radar’s line of sight to the
human body remains unobstructed, allowing reliable capture of motion features.
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Overall, these results demonstrate that RF-HOI can maintain stable HOI recognition performance under realistic
people-occlusion scenarios, including both direct hand occlusion on the target tag and body-induced occlusion
affecting non-target objects.

5.6.2 Impact of dynamic multipath interference. We evaluate the robustness of RF-HOI under dynamic and
multi-user environments, addressing the concern that non-target objects or surrounding people may introduce
time-varying multipath effects in real-world settings. Although RF-HOI focuses on single-user HOI recognition,
it does not assume a static environment and is designed to tolerate moderate dynamic interference.

In this experiment, we ask one volunteer to perform HOI interactions in 105 samples, covering three user
orientations and seven actions. To introduce dynamic multipath interference, a second volunteer is asked to
perform random daily activities involving non-target objects (e.g., drinking from a bottle or typing on a keyboard)
around the interacting user at a distance of approximately 1-2 meters. These objects are not equipped with
RFID tags and only serve as dynamic reflectors in the environment. As a baseline, we also collect 105 samples
under identical setups without dynamic multipath interference. Fig. 28 compares the performance of RF-HOI
under the two conditions. The results show that the difference in HOI accuracy between static and dynamic
multipath settings is within 1%. This indicates that RF-HOI can maintain stable recognition performance even in
the presence of additional users and mild environment dynamics.

Overall, this experiment demonstrates that RF-HOI is robust to slight dynamic multipath interference and
can generalize beyond strictly static, single-user environments, supporting its applicability in more realistic
real-world scenarios.

5.7 System Computation Overhead

5.7.1 Evaluation on fine-tuning time cost. We evaluate the time required to fine-tune RF-HOI for real-world
deployment while maintaining strong performance, highlighting its adaptability. Using 67% of the real-world
training samples, we fine-tune the pre-trained model for varying durations. As shown in Fig. 29, the accuracy of
HOI initially increases with fine-tuning time and steadily levels off after approximately 20 minutes. Specifically, as
the fine-tuning duration increases from 5 minutes to 25 minutes, the corresponding HOI accuracy improves from
84.49% to 95.09%, with the most swift gain occurring in the first 15 minutes, and then converges. In practice, this
enables rapid adaptation to new setups by collecting a small amount of real-world data for fine-tuning. Therefore,
the low time cost for fine-tuning facilitates quick and flexible deployment of RF-HOI across various setups.

5.7.2  Evaluation on system latency. We measure the system latency of RF-HOI, including both data preprocessing
and model inference times. Although the MUSIC algorithm is computationally intensive, we implement the
mmWave preprocessing pipeline in PyTorch to leverage GPU acceleration, reducing the average preprocessing
time for one sample from 13.39 seconds using CPU to 1.75 seconds using GPU on a Dell G15 laptop [21].

We then analyze the latency on systems equipped with either an NVIDIA L40S, NVIDIA A100, or (on the laptop)
an NVIDIA RTX 4050 GPU. All experiments on the server are conducted using a single GPU, with 8 CPU cores
and 128 GB RAM allocated per job. As illustrated in Fig. 30, both model inference and preprocessing are fastest
on the L40S, followed by the A100, with the RTX 4050 being the slowest. On the laptop, the end-to-end latency
averages 1.79 seconds per sample. Since the shortest sample duration in our dataset is 2.40 seconds, these results
demonstrate the feasibility of RF-HOI for supporting real-time HOI recognition. In addition, Fig. 30 shows that the
system latency is dominated by the preprocessing stage, while the model inference itself is relatively lightweight,
taking only 36.86 ms per sample on the RTX 4050 GPU. We note that GPU performance is workload-dependent:
in our preprocessing-dominated pipeline, the L40S shows better efficiency, likely due to architectural differences
and optimizations for inference-oriented workloads.
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To further assess the system’s responsiveness in an online setting, we analyze the frame-level preprocessing
latency of each sensing modality in Fig. 31. As shown in the figure, the per-frame preprocessing cost of mmWave
radar data ranges from 22.83 ms to 36.52 ms across different GPUs, while the corresponding cost for RFID data
remains below 6 ms. The effective acquisition interval of an RFID frame—corresponding to one complete read
of all tags—is not strictly fixed, but is typically close to 100 ms in our system. With a 100 ms frame interval for
the mmWave radar and a comparable effective acquisition interval for RFID data, the frame-level preprocessing
latency is well within the real-time budget. Therefore, by performing preprocessing incrementally as each frame
arrives in parallel to data acquisition, the system can further improve its responsiveness in an online setting, as
illustrated in Fig. 32.

5.8 Case Study: Goal Inference

To demonstrate the real-world applictions of RF-HOI, we apply RF-HOI to infer humans’ goals in household
scenarios. Such goal inference capacity is crucial for engineering assistive home systems to help humans without
the need for privacy-intrusive sensors, e.g., cameras. As is illustrated in Fig 1, given a sequence of human-object
interactions observed so far, we ask a goal inference model to infer the goal of the human. Unlike prior work, we
leverage RF-HOI to recognize the HOI sequence from privacy-preserving sensors instead of relying on video
inputs. Following the baselines proposed in [135], we take LLMs as the goal inference models. We provide a
predefined goal space for LLMs to choose from [97] and provide some pairs between HOI sequences and goals
for few-shot prompting. The goal inference accuracy is defined as the proportion of correctly inferred sequences
to the total number of sequences. We present our prompt as follows:
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Human has been performing a task that involves executing a sequence of interactions. The goal of task
can only be one of the following: {Candidate goals}.

You are a helpful assistant. In order to help human, please infer the most corresponding goals selected
from the goal space for the following interaction sequences, in order: {Test HOI sequences}.

Hints: There is a set of example pairs showing the relationships between interaction sequences and their
corresponding goals: {Few-shot prompting pairs between HOI sequences and goals}.

The order of actions in each sequence is very important. Each sequence has a one-to-one correspondence
with its goal.

Output requirement: For each provided sequence, you have to choose the most relevant goal from the
goal space, even if you are uncertain.

Table 2. Five examples of HOI sequences and corresponding goals.

HOI sequences Goals

[<stand up, chair>, <pick up, book>,

<open, books, <pick up, pen>] standing and taking notes in book with pen

[<sit down, chair>, <stand up, chair>,

<pick up, phone>, <put down, phone>1] standing and answering the phone

[<open, microwave>, <close, microwave>,

. . using microwave
<open, microwave>, <close, microwave>]

[<pick up, bottle>, <open, cabinet>,

: . le i .
<put down, bottle>, <close, cabinet>] trying to put bottle in cabinet

[<wipe, table>, <pick up, bottle>,

<put down, bottle>, <wipe, table>] cleaning table

In total, we define 30 different pairs between HOI sequences and goals, where each HOI sequence may have
four or five HOIs. Table 2 shows five pairs as an illustration. Among all 30 pairs, eight pairs are for few-shot
prompting, which is designed to help the LLM understand the goal inference task. The remaining 22 pairs are for
testing. During the test, we ask the LLM to infer the corresponding goals for the HOI sequences in the test pairs
from all 30 candidate goals.

We ask one volunteer to perform according to the 22 test HOI sequences in both the working space and the
kitchen. We collect the corresponding RF data and get the recognized HOIs by RF-HOI. We compare three types
of input for the goal inference:

(1) Action-only only inputs sequences of actions recognized by RF-HOI to the LLM.
(2) Object-only only inputs sequences of objects recognized by RF-HOI to the LLM.
(3) RF-HOI inputs sequences of full HOI categories recognized by RF-HOI to the LLM.

We evaluate the performance of the three methods on three LLMs: Gemini 2.5 Flash [32], GPT-5 [87], and
DeepSeek-V3.2 [20], and present the results in Table 3. We can see that for all LLMs, RF-HOI brings higher goal
inference accuracy than Action-only and Object-only. Specifically, on average, RF-HOI outperforms action-only
by 68.18% and object-only by 22.72% in goal inference accuracy.

We observe that, in the action-only setting, most failures stem from misidentifying the target object, whereas
in the object-only setting, errors primarily arise from misinterpreting the intended action. For example, a
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sequence like [<open>, <close>, <open>, <close>] can lead the LLM to confuse using the microwave with opening
and closing a cabinet. Conversely, a sequence like [<book>, <book>, <book>, <book>] can cause the LLM to
infer merely checking books rather than reading them, due to the absence of the <open> action. These results
demonstrate the effectiveness of RF-HOI when adapted to downstream applications and highlight the importance
of jointly recognizing actions and objects for a better user understanding.

Table 3. Goal Inference Accuracy

Input . .
LLM Action-only Object-only RF-HOI
Gemini 2.5 Flash 18.18% 59.09% 95.45%
GPT-5 27.27% 77.27% 86.36%
DeepSeek-V3.2 18.18% 63.64% 86.36%

6 Related Work
6.1 Vision-based Human-Object Interaction Recognition

Over the past decade, significant effort has been devoted to camera-based HOI recognition [12, 33, 78, 133],
given its importance for scene and human understanding. Many subsequent works [31, 40, 98] extend object
detection frameworks, typically structuring HOI recognition as a multi-task problem using a two-branch network:
one branch detects humans and objects, while the other classifies actions and infers target objects through
human-object relationships. Recent advancements include the use of sophisticated model architectures such
as Transformers [66] and Mamba [126]. Other approaches introduce multimodal techniques, incorporating
modalities such as text prompts [131]. Specifically, RF-camera [72] fuses vision and RFID modalities to recognize
human gestures and achieve human-object matching. In addition, there is growing interest in collecting 3D HOI
scene mesh data [24, 42, 49, 51, 94, 125], advancing HOI understanding from 2D to 3D environments.

However, vision-based approaches raise privacy concerns for in-home user sensing, and often suffer under
poor lighting conditions. In contrast, RF-HOI leverages RF modalities, which are less invasive to privacy and
robust to ambient lighting variations.

6.2 Wireless Sensing

The advancement of deep learning has facilitated rapid progress in wireless sensing systems for human activity
recognition [9, 70, 103, 113, 116, 117, 132, 136, 140, 142]. To achieve vision-level perception while preserving
user privacy, prior work has explored various wireless modalities, including mmWave [9, 70, 103, 117, 136, 142],
RFID [28, 41, 108, 113, 119], and WiFi [116, 132, 140], for sensing human activities. To improve user convenience,
most systems operate in device-free settings, although some RFID-based approaches require tags attached to the
user’s body [52, 114, 115, 120, 122, 130]. However, identifying specific objects in such settings remains highly
challenging [71, 137], let alone jointly recognizing both human actions and their corresponding target objects.
To address the challenge of object identification, a line of prior work adopts device-based approaches by
attaching RFID tags or similar markers to objects and inferring user actions from changes in the communication
channel between tags and readers [30, 60, 96, 106, 119, 139]. These approaches avoid instrumenting users and
have been widely explored in RFID-based sensing. However, they often struggle to distinguish actions that do
not induce significant channel variations, such as interactions without object movement or direct tag coverage,
thereby limiting the diversity of recognizable actions. RF-Diary [27] combines radar sensing with a pre-defined
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floor map of object locations to recognize HOL While effective, maintaining accurate object maps in everyday
environments remains challenging.

Other works [56—58] employ acoustic signals collected by wearable devices to sense HOI, yet these approaches
require wearables and fail to capture whole body movements, such as stand and sit. Recent works [55, 107]
explore HOI recognition with modality fusion, but their solutions require access to personal devices, such as
audio and IMU data from smartphone, while RF-HOI does not assume any devices on users.

In contrast, RF-HOI combines the strengths of both strategies by fusing mmWave and RFID data, enabling
effective recognition of both human actions and target objects without compromising user convenience.

6.3 Wireless Signal Synthesis for Sensing

Recent studies have explored the use of synthetic wireless signals to augment training data for human activity
recognition. Technically, these works employ either ray tracing-based methods [9, 14, 23, 54, 61] or data-driven
approaches [2, 16, 22]. As a physics-based method, ray tracing models signal propagation by computing paths
affected by reflection, diffraction, and scattering using physics and geometry formulas. In contrast, the simulation
of data-driven approaches usually relies on empirical models, which lack physical interpretability, and may
produce unrealistic outputs without physical priors.

However, prior research typically models only the human body as the primary signal reflector, treating other
objects in the environment as interference. This makes it difficult to extend such techniques to HOI recognition
tasks. In contrast, RF-HOI explicitly simulates separate signals from both the human body and target objects,
enabling the generation of multimodal synthetic data tailored for HOI recognition.

7 Discussion and Future Work

7.1 Increase the Size and Diversity of the Data

As an initial effort to explore RF-based sensing for HOI recognition, RF-HOI collects data at a moderate scale and
focuses on a set of common HOI categories encountered in daily life under diverse setups and sensing conditions.
Compared with large-scale vision-based HOI datasets, our real-world dataset remains limited in scale, particularly
in the number of participants, object categories, and interaction types. This limitation comes from the cost
of collecting mmWave—-RFID data under various real-world setups, and motivates future efforts toward larger
community benchmarks for RF-based HOI recognition. We acknowledge that expanding the number of HOI
categories and participants is an important direction toward broader real-world deployment. However, extending
to entirely new action categories in the current simulation pipeline is constrained by the availability of realistic
motion priors in the underlying TRUMANS dataset, which limits the ability to synthesize physically plausible RF
data for additional action categories. The selected action categories (e.g., pick, put, open, and close) are therefore
intentionally chosen as fundamental interaction primitives. These primitives are sufficient to support a range of
downstream tasks under state-of-the-art frameworks, such as goal inference [97, 135, 141]. Rather than solely
increasing the category count in the training set, we evaluate RF-HOI along more challenging generalization
axes, including unseen object categories and unseen action-object combinations, without using any additional
real-world training data for new categories.

In future works, the collected data can be further expanded in both size and diversity and can include more
HOI categories to support broader applications and more comprehensive evaluations. We observe that there
is a growing number of motion capture-based mesh datasets [49, 77, 138]. In parallel, recent advances in HOI
mesh synthesis [24, 42, 65, 84, 94, 125, 134] enable generative models to more faithfully represent the dynamics of
human-object interactions, paving the way for large-scale RF data generation to support HOI recognition tasks.
Accordingly, RF-HOI has the potential to enlarge its synthetic data by utilizing more mesh datasets from either
motion capture or generative models. Furthermore, in terms of the real-world data, we envision that RF-HOI will
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inspire future research on RF-based HOI recognition using custom-built real-world test sets. Specifically, the
decoupled representation of actions and objects enables systematic expansion of HOI categories by combining
existing primitives with new object categories, reducing the need for exhaustive data collection. The proposed
recognition model can serve as a baseline to quantify the difficulty of the dataset, while the insights from our
data collection provide practical guidance for designing future RF-based HOI datasets. Although the data that a
single work can contribute may be limited, we may integrate these efforts into a universe benchmark, including
more HOI categories and setups.

7.2 Downstream Application

HOI recognition serves as a crucial component in various downstream applications, including VR, AR, and
assistive robots. In VR [8], recognizing an HOI enables the system to generate appropriate sensory feedback—such
as the sound of a closet opening—enhancing user immersion. In AR [48], the recognized HOI can trigger updates
to the virtual environment, such as overlaying the text to write when the user picks up a pen. In general, RF-HOI
can enhance the sense of realism in both VR and AR. Besides, as shown in our case study, HOI sequences can
help robots to infer the user’s goal. Then assistive robots can provide help correspondingly to reach the goal. For
instance, observing the sequence [<sit down, chair>, <stand up, chair>, <pick up, book>, <put down, book>] may
lead the robot to infer that the user intends to check books, prompting it to deliver another book to the user for
checking. These scenarios demonstrate the potential of integrating RF-HOI as a core module in interactive systems
that require semantic understanding of HOI. The above applications are more readily deployable in environments
where RFID infrastructure is already available or can be naturally integrated, such as smart homes, healthcare
facilities, assisted living spaces, and retail environments with tagged objects. However, deploying RF-HOI in fully
uninstrumented environments would require additional tagging effort and reader placement, which may limit
its immediate applicability. Future work can reduce this deployment burden by exploring opportunistic RFID
infrastructure, lower-cost tagging strategies, or complementary object-identification cues.

8 Conclusion

This paper proposes RF-HOI, a novel HOI recognition system that leverages only RF signals. By fusing mmWave
and RFID data, RF-HOI harnesses the strengths of different modalities, making it particularly well-suited for
HOI recognition applications. To enhance generalizability, RF-HOI uses a physics-based simulator to generate
synthetic mmWave and RFID data, pre-trains the model on these synthetic data, and subsequently fine-tunes it
with a small amount of real-world data. Extensive experiments demonstrate that RF-HOI consistently outperforms
single-modality baselines, with synthetic data yielding significant performance improvements when real-world
training samples or setups are limited, thus reducing data collection costs. We anticipate that RF-HOI will inspire
further research in wireless sensing for HOI recognition.
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