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Abstract
With recent wireless standards such as 5G NR utilizing large band-
width channels, wideband OFDM backscatter can achieve very
high data rates (tens of Mbps) and support applications such as HD
video streaming from low-power IoT sensors. However, realizing
wideband OFDM backscatter in practice is challenging due to its
extremely high complexity of demodulation, its dependence on
accurate channel estimation, and the lack of accurate synchroniza-
tion. In this paper, we present WiNB, a low-complexity, high-speed
5G NR FR2 wideband OFDM backscatter system. At the core of
WiNB is a dual-task transformer model that runs on a backscatter
receiver and exploits the interdependency between channel estima-
tion and backscatter demodulation to not only improve backscatter
bit recovery but also provide tolerance to synchronization errors
and significantly lower demodulation complexity. Furthermore, the
model performs well across different environments without relying
heavily on site-specific measurements. We evaluate WiNB using a
5G NR tag prototype and software radios. WiNB achieves 71 Mbps
throughput with a BER of 10−4 and a three orders-of-magnitude
improvement in OFDM backscatter demodulation over the state of
the art.
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1 Introduction
Backscatter communication that leverages ambient signals, com-
monly known as ambient backscatter, has emerged as a key tech-
nology for ultra-low-power Internet of Things (IoT) devices. Here,
low-power tags backscatter existing wireless signals (WiFi or cellu-
lar) and embed their data by modulating phase, amplitude, and/or
frequency, which can be received by commodity devices. This en-
ables low-power tag operations while leveraging existing wireless
infrastructure for excitation signals, reducing deployment costs.

The early works [27, 34] on ambient backscatter relied on on-off
keying type modulations, which achieved much lower data rates
(typically a few Kbps). Recent works [24, 62] have sought to increase
data rates by backscattering OFDM signals, which are widely used
in WiFi and cellular systems. The approaches presented in [26,
62] embed one backscatter bit per OFDM symbol (symbol-level
modulation) via phase-shift keying. While these solutions improve
the data rate, the speeds remain limited to hundreds of Kbps. Recent
works such as [13, 35, 43] propose to push the throughput limits by
changing the phase of each sample (i.e., subcarrier/sample-level) of
the OFDM symbol, allowing much higher data rates of 10 Mbps.

While the feasibility of sample-level OFDM backscatter has been
demonstrated for WiFi and LTE cellular signals, their data rates
remain low (a few Mbps), limiting their support for many practical
IoT applications. For example, recent works [16, 23, 53, 56] high-
light the need for higher speeds to support applications such as HD
video streaming from low-power IoT sensors. Such high-throughput
backscatter can be deployed in industry or enterprise-scale private
5G networks, which are becoming increasingly popular in recent
times. For example, the tag can be attached to items/goods in a
warehouse or equipment in a manufacturing plant for low-power,
high-throughput video monitoring or surveillance. Addressing the
trade-off between speed and power in backscatter design is ex-
tremely challenging, especially within the realm of commodity
wireless networks. One potential solution to achieving a high data
rate in commodity backscatter is to leverage wideband channels
used in recent wireless standards. Latest WiFi standards, such as
802.11be propose to use 320 MHz wide channels for more capac-
ity. Similarly, 5G NR has standardized the use of 100, 200, and
even 400 MHz bandwidths for mmWave FR2 bands. Most prior
works on commodity backscatter focus on narrow channels (typ-
ically 20 MHz) due to the high complexity involved in backscat-
tering wideband signals. While our prior work [10] demonstrated
backscattering on wideband 60 GHz 802.11ad channels, it used only
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single-carrier control packets. Other works on mmWave backscat-
ter [5, 9, 10, 29, 36–38, 46] either require dedicated FMCW radars
as readers or use custom non-OFDM waveforms for backscatter
excitation. Backscattering ambient wideband OFDM signals with
sample-level modulation on hundreds of subcarriers to achieve high
data rates remains an open problem.

In this paper, we present WiNB, which is a low-complexity, high-
speed, wideband backscatter solution for 5G NR OFDM signals.
WiNB creates a novel approach with two-fold contributions. First,
we carefully understand and outline the challenges involved in
wideband OFDM backscatter. Through experiments, we find that
applying existing backscatter demodulation techniques to wide-
band OFDM signals with hundreds of subcarriers creates serious
performance bottlenecks in terms of demodulation complexity and
BER.We then develop a custom-tailored transformer-based solution
to model the interactions between channel estimation and backscat-
ter demodulation. The model provides 71 Mbps with BER as low
as 10−4. Second, we address these wideband backscatter problems
in the context of 5G NR mmWave FR2 cellular networks that are
already widely deployed and are increasingly being adopted as pri-
vate 5G networks. WiNB addresses protocol-specific challenges to
ensure correct backscatter operations within the 5G frames while
maintaining the tag’s low-power profile.
Challenges. We first experimentally evaluate the performance of
existing OFDMbackscatter techniques in wideband 5GNR channels.
We find three key limitations: (1) Demodulation in sample-level
OFDM backscatter requires solving a maximum-likelihood opti-
mization problem. Existing methods for estimating solutions rely
on quasi-Newton (QN) or genetic algorithms (GA), which have
very high complexity even for a reasonable BER. As the number of
subcarriers (i.e., the number of backscatter bits embedded in each
OFDM symbol) increases, solving the problem becomes computa-
tionally prohibitive: demodulating an OFDM symbol that is a few
microseconds long can take tens, if not hundreds, of milliseconds.
(2) Conventional OFDM backscatter demodulation techniques per-
form channel estimation first before demodulating the backscatter
bits. This means that any channel estimation error is carried for-
ward to backscatter demodulation, adversely affecting its BER. We
find that in wideband backscatter, even a small channel estimation
error yields very high BER, diminishing any gains of using wide
channels in practice. (3) Existing backscatter demodulation solu-
tions are highly sensitive to any synchronization errors between the
transmitted OFDM symbol and the backscatter symbols to be em-
bedded on it. Given that a low-power tag can only perform coarse
envelope detection through power detectors, such synchroniza-
tion errors are unavoidable in practice. The problem is exacerbated
when we have more samples per OFDM symbol, resulting in very
high BER even for small synchronization errors.
Our approach. We address these challenges by developing a
dual-task transformer model that runs on the 5G NR receiver. Our
key insight is that both channel estimation and backscatter de-
modulation are tightly coupled problems. We model this intricate
dependency using a transformer with two tasks learned in parallel,
each solving its own objective, while better learning and sharing
common representative features across the two tasks to improve
their performance. Our dual-task transformer achieves a much
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Figure 1: 5G NR frame, subframe, slots, and symbols.

higher demodulation accuracy. It is tolerant of synchronization er-
rors because transformers can model long-term temporal patterns
when modulating wideband OFDM symbols with many samples.
Furthermore, we develop a custom pruning framework to ensure
that inference times are much closer to the actual OFDM symbol
durations, making the wideband backscatter system practically
viable. Another salient feature is that the model has much lower
dependency on environment-specific training and performs well in
new environments. Table 1 compares WiNB with state-of-the-art.
Prototyping and evaluation. We thoroughly evaluate WiNB
using a 28 GHz 5G NR backscatter prototype with a phased antenna
array and a high-speed RF switch that can backscatter wideband
signals, along with two 5G NR software radios configured as the
transmitter and receiver. We find that WiNB can achieve a BER of
10−4 and a throughput of 71 Mbps. Compared to the state-of-the-art
solutions, this is a 7× improvement in throughput. Compared to
QN and GA algorithms for backscatter demodulation, which take
hundreds of ms, WiNB dual-task transformer takes 16 𝜇𝑠 , which is
close to the actual OFDM symbol duration, enabling near real-time
demodulation. This is a three orders-of-magnitude improvement
in demodulation time per symbol. We also find that our dual-task
transformer outperforms single-task alternatives in terms of BER,
with its ability to better model channel estimation and backscatter
demodulation dependencies. We evaluate the model across different
cross-environment testing scenarios and find that it achieves high
accuracy even when trained and tested in different environments.
Contributions. The paper’s main contributions can be summa-
rized as follows.

(1) We systematically understand the limitations of existing
backscatter techniques when applied to wideband 5G NR
OFDM channels capable of achieving high data rates.

(2) We develop a dual-task transform model that addresses the
channel-backscatter dependencies, synchronization, and de-
modulation complexity challenges of wideband backscatter.

(3) We prototype 5G NR backscatter tags and evaluate our model
to demonstrate its superior performance in terms of BER,
throughput, near real-time demodulation, and cross-site gen-
eralization.

2 Background
5G NR PHY and frame structure. Fig. 1 illustrates the 5G NR
frame structure. A 5G NR frame is 10 ms long and consists of 10



Wideband Low-complexity High-speed 5G NR Backscatter MobiSys ’26, June 21–25, 2026, Cambridge, United Kingdom

System Ambient signal band
(bandwidth (MHz)) OFDM? OFDM Demod.

Complexity
Modulation

level
Throughput

(Mbps)
Tolerance to

unsynchronization
WiTAG [3] sub-6 WiFi (20) Yes low Symbol-level 0.004 high

Hitchhike [61] sub-6 WiFi (20) No N/A Symbol-level 0.3 low
PTL [43] sub-6 WiFi (20) Yes high Sample-level 10 low

TScatter [35] sub-6 WiFi (20) Yes high Sample-level 10 medium
LScatter [13] sub-6 LTE (20) Yes high Sample-level 13 medium
mmComb [10] mmWave WiFi (2176) No N/A Symbol-level 55 low

WiNB mmWave 5G NR (100) Yes low Sample-level 71 high
Table 1: Comparison of existing commodity wireless backscatter systems.

subframes (1 ms each). Each subframe contains 2𝜇 slots, and each
slot comprises 14 OFDM symbols. The parameter 𝜇, known as the
numerology index where 𝜇 = {0, 1, 2, 3, 4}, determines the subcar-
rier spacing (SCS) as 15 × 2𝜇 KHz. The numerology directly affects
the number of subcarriers in a channel, the OFDM symbol duration,
and the number of slots per subframe, as shown in Fig. 1. Increasing
the numerology index (𝜇) widens the SCS and shortens both the
OFDM symbol duration and slot duration, thereby increasing the
number of slots within a subframe. For example, 𝜇 = 0 (15 KHz
SCS) yields a 66.67 𝜇s OFDM symbol and a 1 ms slot, while 𝜇 = 4
(240 KHz SCS) yields a 4.17 𝜇s symbol and 16 slots per subframe.
Each slot consists of 14 OFDM symbols. To enable UEs to detect
the presence of a 5G network and achieve time- and frequency-
synchronization, 5G NR transmits a Synchronization Signal Block
(SSB), which consists of four consecutive OFDM symbols contain-
ing the PSS, PBCH, SSS, and PBCH-DMRS symbol. Similar to WiFi
beacons, SSBs are transmitted periodically (typically every 5–20
ms), and their positions within a frame depend on the configured
subcarrier spacing, frequency range, and deployment options.
5G NR OFDM sample-level backscatter. A 5G NR OFDM
sample-level backscatter system consists of a sender, a backscatter
tag, and a receiver, as shown in Fig. 2. The sender is typically a 5G
NR base station (BS), and the receiver is a UE.

Sender: 5GNR adopts OFDMmodulation for downlink and uplink.
After mapping modulation symbols onto respective subcarriers, an
Inverse Discrete Fourier Transform (IDFT) generates the discrete-
time baseband OFDM samples 𝑥 (𝑛) = 𝐼𝐷𝐹𝑇 {𝑋 [𝑓 ]}, where 𝑋 [𝑓 ]
denotes the complex symbol assigned to subcarrier 𝑓 . This time-
domain OFDM signal is then upconverted to the carrier frequency 𝑓𝑐
to generate the transmitted passband waveform 𝑆 (𝑡) = 𝑥 (𝑡)𝑒 𝑗2𝜋 𝑓𝑐 𝑡 .

Tag: In existing WiFi-based OFDM backscatter, tags encode data
by phase inversion of time-domain OFDM samples (i.e., sample-
level modulation in Fig. 2). Similarly, for 5G NR OFDM, the tag
can use a square waveform (approximated as the first-order har-
monic cosine wave as in [13]) to modulate the phases of the sam-
ples. The backscatter tag uses zero phase offset to transmit data
‘0’ and a phase inversion by 𝜋 to transmit data ‘1’. To mitigate
self-interference, the tag also shifts the carrier frequency (Fig. 2)
using the single sideband technique proposed in [61]. This way,
the resulting modified backscatter signal becomes

𝐵(𝑡) =
{
𝑆 (𝑡)𝑒2𝜋 𝑓𝑠𝑡𝑒 𝑗0, tag bit ‘0’

𝑆 (𝑡)𝑒2𝜋 𝑓𝑠𝑡𝑒 𝑗𝜋 , tag bit ‘1’
(1)

where 𝑓𝑠 is the frequency shift applied by the tag. This frequency
shift causes the backscattered component to appear on an adjacent
channel instead of the original channel used by the BS (Ch 1 and Ch

BS

UE

Ch 1

Ch 2 (Channel shifting)

Backscatter bit extraction
(Known OFDM symbol       Backscatter modulated symbol)

ON

OFF

Known OFDM Symbol

Sample-level Modulation

Tag

Backscatter modulated symbol

Figure 2: Overview of 5G NR backscatter.

2 in Fig. 2). This naturally suppresses the strong self-interference
caused by the direct signal from the BS to the UE, enabling the UE
to isolate and demodulate the weak backscatter signal.

Receiver: At the 5G NR receiver, the SSBs are used to estimate
the channel, and this estimate is then applied to demodulate the
subsequent data symbols. For a receiver operating on an adjacent
channel that only receives the backscatter signal, the transmit-
ter must send pre-known data symbols to enable the decoding of
unknown tag data. Because OFDM inherently spreads any time-
domain modification across all subcarriers, the sample-level phase
modulation applied by the tag affects the entire OFDM symbol. This
means that decoding the tag’s data by just examining individual
subcarriers is not possible. Instead, the receiver extracts the tag’s
encoded phase by comparing the received waveform against a set
of reference signals with known symbols, selecting the one with the
smallest Euclidean distance (i.e., maximum-likelihood optimization
problem)

𝜃 = argmin
𝜃

∥𝑌 ∗ − 𝑌 (𝑛)∥ (2)

where 𝑌 (𝑛) is the received subcarrier values that carry the com-
bined effect of the original transmission and the tag’s modula-
tion, and 𝑌 ∗ represents the mapped nearest constellation points
for 𝑌 (𝑛). The objective is to find the tag modulation vector 𝜃 =

[𝜃1, 𝜃2, . . . , 𝜃𝑁 ]𝑇 that minimizes the discrepancy between the re-
ceived subcarrier values and the mapped constellation points. Be-
cause the search space for 𝜃 grows exponentially with the vector
length, the exhaustive search is naturally computationally prohibi-
tive. More tractable and efficient iterative optimization algorithms,
such as QN and GA are employed in prior work, such as TScat-
ter [35], LScatter [13], and PTL [43] for demodulation.
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Figure 3: (a) Comparison of inference time per symbol for Genetic Algorithm (GA) and Quasi-Newton (QN) approximation across
different number of subcarriers (𝑁sub = 384, 792, and 1584); (b) Comparison of original data SNR (Channel 1) and backscatter SNR
(Channel 2); (c) BER vs. channel estimation error (MSE) across subcarriers; (d) BER vs. unsynchronization across subcarriers.
3 Motivation
Challenges inwidebandOFDMbackscatter. Wideband OFDM
backscatter systems, such as 5G NR backscatter, face unique chal-
lenges in reliably and efficiently decoding backscatter data.
C1 Time overhead. A key challenge in demodulating the
sample-level OFDM backscatter is the high computational com-
plexity of solving the optimization problem in Equ. 2. It essentially
requires searching for tag data 𝜃 (of 𝑁 bits for 𝑁 subcarriers) that
minimizes the distance between the expected and received data.
When the sample-level backscatter is performed on wideband chan-
nels, the number of subcarriers also increases (large 𝑁 ), resulting
in prohibitively high computational complexity of solving the op-
timization problem. The search space is 2𝑁 for BPSK (𝑀𝑁 if the
backscatter modulation is M-ary PSK), and the complexity of the
standard quasi-Newton (QN) estimator (without refactorizing the
Hessian) is 𝑂 (𝑁 2). Prior works [35, 43] have proposed using a ge-
netic algorithm (GA), which still requires multiple generations (𝐺)
from a large population size (𝑃 ) over a large number of iterations,
resulting in complexity of at least 𝑂 (𝑁𝐺𝑃). We apply the standard
QN and GA methods to demodulate backscatter samples within an
OFDM symbol across different subcarrier settings. For our exper-
iments, we adopt four representative 5G NR FR2 configurations,
two for 100 MHz bandwidth (i) 120 KHz SCS, 792 subcarriers, and
(ii) 60 KHz, 1584 subcarriers, and two for 50 MHz bandwidth (iii)
120 KHz SCS, 384 subcarriers, and (iv) 60 KHz, 792 subcarriers. The
symbol durations vary from 8.33 to 16.67 𝜇𝑠 for these configurations.
Fig. 3(a) shows the demodulation time for different targeted BER for
backscatter data for MacBook M3 (CPU only) and compares it with
the OFDM symbol duration (16.67𝜇𝑠). As we can see, achieving a
BER of 10−2 for 384 subcarriers requires a minimum decoding time
of 53ms for GA, and requires 51ms for QN, which is at least 3000×
greater than the 16.67𝜇𝑠 symbol duration. When the backscatter
tag continuously modulates the 5G NR OFDM symbols, the time
overhead can easily overwhelm the UE receiver’s memory and
compute. There is clearly a need for a more efficient yet accurate
demodulation method in wideband OFDM backscatter.
C2 Impact of channel estimation. Prior works [13, 35, 43]
treat channel estimation and backscatter demodulation as sequen-
tial tasks where first the channel is estimated using pilot/reference
symbols and then equalized symbols are used for backscatter de-
modulation. This means that even small channel estimation errors

can have a significant impact on backscatter demodulation because
the tag signal is orders of magnitude weaker than the OFDM data
signal. Fig. 3(b) shows the SNR of OFDM symbols received on
Channel 1 (original transmitted data without backscatter) and Chan-
nel 2 (original transmitted data with backscatter). We see that the
backscatter data has much lower SNR compared to the original data.
As a result, minor channel estimation inaccuracies that have a neg-
ligible impact on demodulating the original OFDM data can cause a
disproportionately large degradation in backscatter demodulation
performance. Fig. 3(c) plots the backscatter BER as a function of
MSE (mean-squared error) for channel estimation across different
subcarrier configurations. Here, the MSE measures the deviation
between the estimated and true channel. Since we cannot directly
obtain ground truth by measuring the channel, we reconstruct the
pilot using the least-squares method and calculate the difference us-
ing MSE between the original and reconstructed pilots. The results
show that as channel estimation accuracy decreases, the backscatter
BER increases, and the increase is steeper for a larger number of
subcarriers. The impact of even small channel estimation errors
is amplified with more subcarriers (i.e., more backscatter bits per
symbol), leading to more erroneous backscatter demodulation.
C3 Synchronization. A 5G NR backscatter tag must detect
and avoid modulating the SSB symbols because modulating these
symbols would corrupt the channel estimation. Achieving synchro-
nization between the transmitted and backscatter signals at the
sample level is extremely challenging, as the tags can only perform
coarse detection of incoming signals through envelope detectors.
This unsynchronization between the transmitted and tag symbols
makes it even more difficult for QN and GA methods to decode the
backscatter bits. The cyclic prefix-based solution introduced in [13]
can help alleviate the problem, but it sacrifices a significant (over
one-third) amount of throughput. Fig. 3(d) shows the BER for 5G
NR sample-level OFDM backscatter under varying synchronization
errors for different numbers of subcarriers. For these configurations
with symbol durations varying from 8 to 16 𝜇𝑠 , we find that as the
synchronization error increases to 3 𝜇𝑠 , the BER increases dramati-
cally to 10−1. Furthermore, in wideband OFDM with an increasing
number of subcarriers, BER increases much more with higher levels
of unsynchronization. This means that backscatter demodulation
should be robust to such synchronization errors, especially with a
larger number of subcarriers in wideband OFDM.
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4 WiNB Design
4.1 System Overview
Fig. 4 shows an overview of WiNB. An unmodified 5G NR BS trans-
mits 5G NR frames, which are received by the backscatter tag and
passed through the SSB/SCS detection and identification module
(Sec. 5). The signal is then backscattered using sample-level OFDM
modulation. The backscattered signal is received by the UE and fed
into a dual-task transformer that produces channel estimates and
demodulates backscatter tag bits.

4.2 Demodulation with dual-task transformer
Why dual-task multi-head transformer? Phase variations
caused by the backscatter modulation do not remain confined to a
single frequency but appear as variations across the entire OFDM
symbol due to the IFFT. Models that can capture such temporal
variations are, therefore, a natural fit. Given that our problem is
somewhat analogous to sequence-to-sequence modeling [6, 51, 52],
where the input is frequency-domain symbols and the output is
per-subcarrier predictions for channel and tag bits, we choose trans-
formers for this purpose. We propose a novel dual-task transformer
architecture. Multi-task learning is widely used for the simultane-
ous learning of multiple, related prediction tasks. By exploiting
the commonalities and differences across related tasks, it has been
shown to achieve better generalization across all tasks [8, 45, 49].
It can also bias the model to better learn features that are represen-
tative of all tasks while ensuring task-specific performance.

We adopt a dual-task architecture with a shared encoder and
two tasks: a channel estimation task that estimates the channel,
and a backscatter demodulation task that demodulates the tag bits.
The reason is that channel estimation accuracy and backscatter
demodulation quality are tightly coupled. As we saw in Sec. 3, poor
channel estimation results in higher BER for backscatter bits. The
backscattered OFDM symbols carry the effect of the channel as well
as the tag modulation. In practice, the effective channel observed
over the OFDM symbols in a backscatter system combines both
effects, and the model must learn to separate the tag-induced varia-
tion from the underlying propagation characteristics derived from
the pilots. By training the network to perform both tasks jointly,
the channel head supplies the necessary reference for the backscat-
ter head, enabling more accurate bit recovery. Furthermore, better
channel estimates not only improve backscatter demodulation, but
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Figure 5: Dual-task transformer architecture
more reliable tag-bit decoding also provides structural feedback
that can refine channel predictions.

4.3 Model architecture and training
Input preprocessing of 5G NR signals. Fig. 5 shows our dual-
task transformermodel. Ourmodel takes a single 5GNROFDM sym-
bol as input. Each instance consists of 𝑁 subcarriers, and the com-
plex IQ samples of these subcarriers are stored as real-imaginary
pairs 𝑥 ∈ R𝐵×𝑁×2 where 𝐵 is the batch size. Treating each subcar-
rier as an individual token yields a sequence of length 𝑁 . Before
feeding the data into the transformer, each token is embedded into
a 𝑑model-dimensional space and combined with a positional encod-
ing that preserves the ordering of subcarriers along the frequency
axis. This step produces the input sequence ℎ′ ∈ R𝐵×𝑁×𝑑model which
captures both the raw IQ structure and the frequency-dependent
position information of the OFDM symbol.
Shared attention encoder and decoder. Our model begins by
encoding the input sequence with a shared transformer encoder
𝐸 (·), comprising two shared encoder layers, and each layer con-
sists of multi-head self-attention followed by layer norm and fully
connected layers. Let 𝐻 denote the number of attention heads, and
let 𝑑ℎ = 𝑑model/𝐻 be the dimensionality of each head. The encoder
outputs a sequence of contextualized features 𝑥sa = 𝐸 (𝑥), which
serves as the shared representation for both channel estimation
and tag-bit demodulation. To enable multitask processing, we con-
struct a decoder 𝐷 (·) with two task-specific branches. Unlike a
standard transformer architecture, where each task computes its
own attention maps, our decoder forms a shared attention pattern.
Specifically, the decoder first produces a set of shared queries and
keys, 𝑄sa and 𝐾sa, from the encoder output 𝑥sa = 𝐸 (𝑥). These are

used to compute a shared attention map 𝐴sa = softmax
(
𝑄sa𝐾⊤

sa√
𝑑ℎ

)
,

where all operations are applied independently across the 𝐻 heads.
The dimensionality 𝑑ℎ appears in the normalization term and cor-
responds to the per-head feature size. Each task-specific decoder
branch supplies its own value projection, allowing both tasks to
update their features using the same attention structure while main-
taining task-dependent transformations. Shared attention enables
the model to focus on a subset of subcarriers important to both
tasks, whereas task-specific value paths allow the two tasks to spe-
cialize. In the time domain, a single attention map from shared
encoder features captures the most informative parts of the se-
quence. The decoder stacks two such shared-attention blocks with
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feed-forward layers to progressively refine the representations be-
fore prediction. The channel estimation branch ultimately produces
a per-subcarrier estimate of the complex channel coefficient, de-
noted ℎ̂𝑛 ∈ R2, containing its real and imaginary components. The
backscatter demodulation branch outputs the predicted probability
of the backscatter bit at each subcarrier, denoted 𝑏𝑛 ∈ (0, 1). Both
predictions are obtained using feed-forward heads on top of the
final task-specific decoder representations.
Training loss. The model is trained using a multitask objective
that jointly supervises channel estimation and backscatter demodu-
lation. Since both tasks operate on the same sequence of subcarriers,
a shared-loss formulation forces the network to learn representa-
tions that serve both objectives simultaneously, rather than treating
them as independent prediction problems.

Since it is difficult to measure the ground-truth channel, we
supervise the channel estimation task to minimize the difference
between the transmitted pre-known symbols and the symbols re-
constructed from the received signal and the estimated channel.
While we can use conventional estimators, such as least-squares
(LS), they can yield inaccurate channel estimates, especially at low
SNR. Hence, we simply rely on reconstructing the transmitted sig-
nal as our way to supervise the task. Let 𝑌 (𝑖 )

𝑛 denote the received
complex sample 𝑖 on subcarrier 𝑛, and let𝑋𝑛 be the known transmit-
ted signal. The model outputs the real and imaginary parts of the
channel on each subcarrier, 𝐻̂ (𝑖 )

𝑛 = ℎ̂
(𝑖 )
𝑛,re + 𝑗ℎ̂ (𝑖 )𝑛,im. The loss compares

the received sample 𝑌 (𝑖 )
𝑛 and the reconstructed sample 𝑋𝑛𝐻̂ (𝑖 )

𝑛 as

LCE =
1
𝐵𝑁

𝐵∑︁
𝑖=1

𝑁∑︁
𝑛=1

(���ℜ{𝑌 (𝑖 )
𝑛 − 𝑋𝑛𝐻̂ (𝑖 )

𝑛 }
���2 + ���ℑ{𝑌 (𝑖 )

𝑛 − 𝑋𝑛𝐻̂ (𝑖 )
𝑛 }

���2)
(3)

For tag bit demodulation, the goal is to estimate the BPSK bit
transmitted by the backscatter tag on each subcarrier index. Let
𝑏𝑛 ∈ {0, 1} denote the reference bit and 𝑏𝑛 the predicted probability.
We adopt a standard binary cross-entropy loss:

LTB = − 1
𝐵𝑁

𝐵∑︁
𝑖=1

𝑁∑︁
𝑛=1

(
𝑏
(𝑖 )
𝑛 log𝑏 (𝑖 )𝑛 +

(
1 − 𝑏 (𝑖 )𝑛

)
log

(
1 − 𝑏 (𝑖 )𝑛

) )
(4)

The final training objective is formed by weighting the two task-
specific losses, reflecting the fact that channel estimation and bit
demodulation contribute differently to the overall learning. After
empirical tuning, we assign separate coefficients 𝜆CE and 𝜆TB to
balance the two loss terms to the combined loss function L =

𝜆CE LCE + 𝜆TB LTB .

4.4 Reducing model size and complexity
While the dual-task transformer model can address Challenges C2
(dependency on channel estimation) and C3 (lack of synchroniza-
tion), the resulting trained model can still be large, still resulting in
a high time overhead of demodulation (Challenge C1). Hence, we
first analyze the time complexity of our dual-task model and devise
solutions to reduce it.
Dual-task transformer complexity. To make the compari-
son concrete, we estimate the cost of the dual-task transformer
using explicit FLOP counts. For a sequence of length 𝑁 and embed-
ding dimension 𝑑model, one self-attention layer requires approxi-
mately 4𝑁𝑑2model+4𝑁 2𝑑model+2𝑁 2 operations [1, 58] (projection of

Figure 6: Complexity comparison between the proposed
transformer (pre- and post-pruning) and a GA baseline to
achieve BER of 10−3 for 1584 subcarriers.

queries/keys/values, dot products, softmax, and output projection).
The position-wise feed-forward network with hidden dimension
𝑑ff contributes about 4𝑁𝑑model𝑑ff FLOPs (two linear layers with
ReLU). Thus, one encoder layer costs 4𝑁𝑑2model+4𝑁 2𝑑model+2𝑁 2+
4𝑁𝑑model𝑑ff FLOPs. In addition to the shared encoder, the two shared
attention layers in the decoder require twice as many FLOPs as
a single self-attention layer and position-wise feed-forward net-
work. The two task-specific decoders are single linear projections
with output dimensions 𝑑𝐴 (channel estimation) and 𝑑𝐵 (tag-bit
prediction), which add about 2𝑁𝑑model𝑑𝐴 and 2𝑁𝑑model𝑑𝐵 FLOPs,
respectively. Overall, the dual-task transformer therefore performs
approximately the following number of FLOPs per inference in-
stance:

𝐿
(
4𝑁𝑑2model + 4𝑁 2𝑑model + 2𝑁 2 + 4𝑁𝑑model𝑑ff

)
+ 2𝑁𝑑model (𝑑𝐴 + 𝑑𝐵) (5)

For our configuration (𝑁 = 1584, 𝑑model = 192, 𝑑ff = 768, 𝐿 = 4,
𝑑𝐴 = 2, 𝑑𝐵 = 2), this is about 9.6 GFLOPs for the full (pre-pruning)
model, shown in the “Transformer (pre-pruning)” column of Fig. 6.
For GA baseline, each candidate backscatter bit vector𝑏 is evaluated
by computing the objective 𝐽 (𝑏) =

∑𝑁
𝑛=1 |𝑦 (𝑛) − 𝑦 (𝑛;𝑏) |2 over 𝑛

subcarriers. For every sample 𝑛, this involves roughly 8 FLOPs.
With 𝑃 candidates and 𝑁 samples, one GA generation requires 8𝑃𝑁
FLOPs. To reach the same BER (10−3) as our dual-task transformer,
the GA needs on average𝐺 = 800K generations. With𝑁 = 1584 and
𝑃 = 200, this amounts to 2 TFLOPs per OFDM symbol, nearly three
orders of magnitude higher than our transformer (Fig. 6). The GA
also stores all candidate waveforms across generations, leading to
O(𝑁𝑃𝐺) memory (1011 bytes). As a result, its arithmetic intensity
is much higher (20 KFLOPs/byte vs. 1.9 KFLOPs/byte), making it
significantly more compute-bound and impractical.
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Figure 7: Model accuracy and computational cost (𝜇s) across
embedding sizes and subcarriers.

Embedding size. From Equ. 5, the embedding size (𝑑model) is a
key contributor to the FLOPs of our dual-task transformer. Fig. 7
illustrates the cost–accuracy trade-off across subcarrier configu-
rations and embedding sizes, showing log10 (BER) with overlaid
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Figure 8: Improving the model efficiency (inference time) of
our multi-head shared-attention transformer.
contours of inference latency (𝜇s). Increasing the embedding size
improves BER but also increases latency, while subcarrier settings
further affect this trade-off. These results guide the selection of the
embedding size to balance performance and computational cost for
different OFDM configurations.
Pruning. To reduce model complexity and improve inference
efficiency, we adopt a structured pruning strategy based on Fisher
Information, inspired by [31]. The key idea is to measure each
parameter’s importance by its impact on the loss. During a forward-
backward pass, squared gradients are accumulated to compute
importance scores. After normalization, parameters are ranked,
and those below a threshold determined by the pruning ratio are
removed. We first fine-tune the full dual-task transformer and com-
pute Fisher information on the calibrated model. We then apply
structured pruning by removing the lowest-ranked attention heads
and FFN neurons (up to 75%), while preserving the shared encoder
and task-specific decoders. Parameters below the pruning threshold
are zeroed out without changing the architecture. This post-training
pruning retains key weights while reducing computation and mem-
ory, with a brief fine-tuning stage to stabilize performance. As
shown in Fig. 6, after pruning, our dual-task model requires 2.5
GFLOPs, enabling it to run on edge devices such as a smartphone
UE and produce inference time much closer to the actual OFDM
symbol duration. Fig. 8 shows how different levels of pruning affect
the FLOPs and BER for 1584-subcarrier configuration, where the
OFDM symbol duration is 16.67 𝜇s. The results show that pruning
substantially lowers both FLOPs and inference latency, dropping
from 44 𝜇s (unpruned) to 7𝜇s at 60% pruning with more than a 6×
reduction in computational load. Although pruning introduces a
small BER increase (on the order of 10−5), the degradation is modest
relative to the gains in efficiency.

5 Tag Design and Operations
WiNB tag embeds data onto the 5G NR frame by modulating the
phase of the reflected signal. To avoid modifying critical control
and channel estimation information, the tag must be synchronized
with the transmitted frame by detecting the SSB. However, such
synchronization is challenging because 5G NR configurations span
a wide range of bandwidths and subcarrier spacings, which in turn
alter the SSB symbol duration. The SSB comprises four key ele-
ments. The Primary Synchronization Signal (PSS) allows the UE to
achieve coarse time synchronization and identify the cell group. The
Secondary Synchronization Signal (SSS) completes the cell-ID de-
termination and provides frame alignment. The Physical Broadcast
Channel (PBCH) carries the basic system-configuration information
needed for initial access. Finally, the PBCHDemodulation Reference

Signal (PBCH-DMRS) provides the channel estimates needed for
reliable PBCH decoding. Under the tag’s limited-power constraints,
achieving reliable synchronization is difficult. To address this, we
propose an efficient SSB detection method using a power detector
(an ADL6010 power detector).
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Figure 9: The power detector produces a distinctive PSS pat-
tern whose duration depends on the SCS, enabling SSB detec-
tion without modification.

WiNB tag receives a distorted version of the 5G NR signal from
the power detector due to the detector’s narrow bandwidth and loss
of phase information. Nonetheless, two unique properties of the
PSS enable reliable SSB detection: (i) periodicity of the PSS and (ii)
a distinctive pattern. As described in Sec. 2, the PSS is transmitted
periodically, creating a repeating structure in time. This period-
icity provides a predictable temporal reference that the tag can
look for even when the waveform is heavily distorted. Unlike other
OFDM symbols, the PSS consists of 127 M-sequences whose energy
is spread almost uniformly across the entire spectrum, similar to
white noise. When this wideband sequence passes through a power
detector, it produces a sudden amplitude drop, with a duration that
depends on the SCS as shown in Fig. 9. In FR2 systems, SSBs are
primarily used for beam management and initial access. According
to the 3GPP NR specification [2, 11], the PSS occupies only subcar-
riers 56 to 182 within the SSB resource grid, while the remaining
subcarriers are set to zero or unused for PSS transmission. This
enables reliable SSB detection in our case. In practice, a base station
can also intentionally leave the data symbols empty during the SSB
transmission interval, allowing low-power devices such as IoT tags
to detect SSBs.

Our tag detects this drop by monitoring the autocorrelation of
the power-detector output, where the magnitude sharply decreases
at the PSS boundary. Using the known PSS length, it isolates the full
SSB (PSS×4). Since SSB content is relatively static, the tag applies
cross-correlation across consecutive SSBs to improve reliability. We
implement this using an ADL6010 power detector to capture 5G
NR waveforms and identify SSB locations, achieving 97% detection
accuracy. The resulting processing delay introduces minor timing
misalignment, which our transformer handles during backscatter
demodulation. Once the SSB is detected, the tag modulates the
remaining symbols in the slot. Since the first 4 OFDM symbols
are reserved for SSB, the tag uses the remaining 10 for data and
performs sample-level modulation by toggling its reflection state
at a high switching rate. As a result, the number of modulated
samples per second is directly determined by the tag’s switching
rate 𝑓sw. The theoretical throughput can thus be approximated as
𝑅max =

𝑠
𝑡
𝑓sw, where 𝑠 is the number of OFDM symbols used for data

modulation, and 𝑡 is the total number of symbols including SSB.
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Figure 10: Prototype of our 28 GHz 5G NR backscatter tag.

6 Implementation and Evaluation
6.1 Prototypes, test environments, & model

training
5G NR backscatter prototype. We implement 5G NR backscat-
ter tag prototype, manufactured on a Rogers RO4003C RF lami-
nate, as shown in Fig. 10(a). The tag consists of (i) an ADRF5021
SPDT silicon switch with a 100 MHz switching rate, (ii) SWO-34-F1
waveguide short and open terminations connected to the switch
to produce 0° and 180° reflection phases for modulation, and (iii)
a phased-array antenna with a passive beamforming network (de-
scribed below). The tag is controlled by a TerasIC Cyclone V FPGA.

We design a linear patch-array antenna to provide high-gain
directional transmission and reception at 28 GHz, as illustrated
in Fig. 10(b). The antenna comprises a 4 × 4 Butler beamforming
matrix that feeds a 4 × 4 patch array with an element spacing of
5.687 mm (≈ 0.53𝜆0). Both the Butler matrix and the array are
optimized using the finite integration technique (FIT) solver in CST
Microwave Studio [14] to achieve a wide impedance bandwidth
and desirable radiation characteristics. To achieve low dielectric
loss and high antenna radiation efficiency, a 12-mil-thick Rogers
Ro4003C RF laminate was used as an RF substrate. The Butler
network is interfaced with an Analog Device ADRF5045BCCZN
SP4T RF switch to change beam patterns according to the FPGA
control. Fig. 10(c) shows the four normalized array factors resulting
from the Butler beamformer. The tag antenna (Tx and Rx) gain is
13.6 dBm after counting for the beamformer circuit loss.
BS/UE prototypes. Both BS (Tx) and UE (Rx) use USRP X310 [44]
with a SiversIMA EVK02004 RF front-end. For experiments, we
select BS, UE, and tag beam combinations that maximize backscatter
SNR. The SiversIMA front-end limits EIRP to 47 dBm. We generate
3GPP-compliant 5G NR FR2 waveforms in MATLAB with full SSB
implementation and varied numerology/subcarrier settings.
Test environments. We evaluate our system in three indoor and
two outdoor settings (Fig. 12) with diverse layouts and clutter levels,
resulting in varying multipath conditions. Room 1 is a 12×10 m

open lab, Room 2 an 8×20 m corridor, Room 3 an 8×6 m conference
room, Outdoor 1 a 22×14 m roof, and Outdoor 2 a 35×15 m alley.
These settings enable evaluation across diverse environments.
Training and TestingMethodology. The model is implemented
in PyTorch and trained with AdamW (𝛽1 = 0.9, 𝛽2 = 0.999, 𝜖 =

10−8). The learning rate starts at 1 × 10−3 and follows a cosine
annealing schedule with a short warm-up. We use a batch size of
256 and train for 120 epochs unless otherwise noted. Hyperparam-
eters are tuned on Room 1 and then fixed across all experiments
(in-domain, cross-room, and fine-tuning) for fair comparison. The
dataset includes measurements from multiple indoor and outdoor
environments. Room 1 provides ∼180K samples for training, aug-
mented with 20K synthetic samples via random synchronization
offsets up to 10𝜇𝑠 . Rooms 2 and 3 each contain ∼40K samples for
training and testing to evaluate cross-room generalization. Two out-
door environments (Outdoor 1/2) each contribute∼200K samples. In
total, the dataset comprises over 700K real measurements. The out-
door data introduce more diverse channel conditions and are used
to evaluate cross-environment generalization and mixed (indoor +
outdoor) training. We train the model on Nvidia RTX 5090 GPU [41]
and test it on different UE platforms (MacBook M3 [4], Nvidia Jet-
son Orin Nano board [40], Google Pixel 10 smartphone [22]) after
pruning and other optimizations. Testing is performed strictly on
data that are not used during training or hyperparameter tuning. 1

6.2 Microbenchmarks
Distance, SNR, and BER. We first evaluate WiNB at different
Tx-tag-Rx distances in the three test setups. Here, the Tx, Rx, and
tag are placed at arbitrary distances and angles. Fig. 11(a) shows
the SNR over distance. The Tx, Rx, and tag are placed in a triangle
geometry. The Tx–tag and tag-Rx distances are always kept the
same, ranging from 1–6m. The distances in the Fig. 11(a) refer to
the total round-trip distance from Tx to tag to Rx. We find that
WiNB can maintain a high SNR over distances up to 12m, thanks
to the high-gain beamforming phased-array antenna on the tag.
Fig. 11(b) shows the backscatter BER over different distances for
different subcarrier configurations. We find that WiNB can main-
tain a low BER of 10−4, which is a significant improvement over
previous mmWave backscatter systems [10]. Configurations with
fewer subcarriers achieve better BER as fewer backscatter bits are
embedded in each OFDM symbol. It is important to note that the
FCC maximum allowed EIRP in 5GNR FR2 can reach 75 dBm per
100 MHz [18], depending on deployment conditions. Therefore, fu-
ture implementations using higher transmit power and/or antenna
gain can significantly extend the achievable communication range.
Throughput. Fig. 11(c) shows how these SNR and BER translate
into end-to-end throughput across distances. Here, the backscatter
tag employs BPSK modulation (1 backscatter bit per OFDM sample)
with a 100MHz switching rate. Furthermore, the tag modulates
data symbols to avoid affecting SSB symbols, thereby affecting
the observed throughput. We find that our observed throughput 𝑇
approximately follows 𝑇 ≈ 10

14 × 100MHz (1−BER). WiNB achieves
a throughput of 71 Mbps, a 7× improvement over the state-of-the-
art OFDM backscatter system [43].

1https://github.com/Wireless-IoT-Sensing-Lab/Wideband-5G-NR-Backscatter/
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Figure 11: Microbenchmarking WiNB backscatter demodulation at different distances.
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Figure 12: Test environments: Room 1 (lab), Room 2 (corri-
dor), Room 3 (conference room), Outdoor 1 (building roof),
and Outdoor 2 (alley)

Different environments. Fig. 11(d) shows the BER across differ-
ent environments. We evaluateWiNB in multiple real-world settings
with varying propagation characteristics, including indoor and out-
door scenarios with different levels of multipath and blockage. We
observe that WiNB consistently maintains a low BER across these
environments, demonstrating its robustness to environmental vari-
ations. For example, Room 1 and Outdoor environments achieve
very low BER, especially at shorter distances, due to fewer multi-
paths. Environments with richer multipath (like Rooms 2 and 3)
introduce more channel diversity and self-interference. Even in
such cases, our dual-task model can reliably decode the backscatter
data. These results suggest that WiNB can operate accurately under
diverse real-world conditions.

6.3 Comparison with State-of-the-art
Fig. 13 compares WiNB’s transformer-based demodulation with
GA and QN based demodulations. Given that both GA and QN
are iterative methods, we first measure the run time for our WiNB
demodulation and run the GA and QN for the same duration on the
same platform for a fair comparison. Also, standard least-squares
and interpolation-based 5G NR channel estimation methods are
used for GA and QN. We find that WiNB achieves orders of magni-
tude lower BER than the other two methods, thanks to its learned
function estimator. The difference becomes even more pronounced
as the number of subcarriers increases, affecting both channel esti-
mation and the backscatter solution search space.

Fig. 14 compares the throughput and BER of WiNB with three
other representative state-of-the-art commodity backscatter sys-
tems. mmComb [10] is a mmWave WiFi backscatter solution that
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Figure 13: Comparing WiNB with QN and GA based demodu-
lation for different subcarrier configurations.
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Figure 14: Throughput–BER comparison with state-of-the-
art commodity backscatter schemes [10, 13, 43] when the Tx-
tag-Rx distance is 7 meters (albeit for different environments
and deployment settings used).

achieves a high data rate but a much higher BER. Lscatter [13] lever-
ages the LTE OFDM signal for backscattering. While it achieves
a better BER, it is limited to 20 MHz of bandwidth, resulting in
much lower throughput. Lastly, PTL [43] is a state-of-the-art WiFi
backscatter system. Similar to Lscatter, it achieves lower BER but is
limited to 20 MHz channels and 64 subcarriers. Since both Lscatter
and PTL use QN and GA based demodulation, their BER increases
dramatically when more subcarriers are used.
Demodulation time. Table 2 shows the time for backscatter
demodulation of one OFDM symbol with a target BER of 10−3. We
run our model on MacBook M3 (CPU only) along with the GA and
QN methods. We find that our inference time is as low as 16 𝜇𝑠 ,
compared to tens of, or even hundreds of, ms for GA and QN meth-
ods. This is, on average, a three orders-of-magnitude improvement.
In fact, the demodulation time for WiNB is very close to the actual
OFDM symbol duration, making it possible to even demodulate
the backscatter bits in real-time. To improve the fairness of com-
parison, we also implement the GA and QN baselines with GPU
acceleration using NVIDIA RTX 5090. Specifically, we adopt a JAX-
based GPU-accelerated genetic algorithm implementation [15] and
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# Subcarriers WiNB GA QN

CPU GPU CPU GPU

384 16 𝜇s 28 ms 9 ms 26 ms 3 ms
792 38 𝜇s 64 ms 18 ms 52 ms 7 ms
1584 52 𝜇s 319 ms 75 ms 108 ms 24 ms

Table 2: Demodulation latency per OFDM symbol across dif-
ferent decoding approaches on CPU and GPU platforms.

a GPU implementation of the L-BFGS-B optimizer [19]. While GPU
execution reduces their runtime (by 3–8×), their latency remains
in the tens-of-milliseconds range and is still significantly higher
than that of WiNB, due to the algorithms’ higher complexity and
memory-access overhead.

We directly deploy our model on two additional platforms: (1) A
high-end GPU, NVIDIA RTX 5090 [41], and (2) a Jetson Orin Nano
board [40]. Table 3 shows the demodulation times. Additionally, we
estimate the inference time on Google Pixel 10 smartphone [22].
Since our model cannot be directly deployed on the phone, we
estimate its inference time to be 60-120 𝜇𝑠 using model profiling
and latency prediction based on the latency lookup tables [30, 59].
We observe that across all platforms, including edge devices, the
backscatter demodulation time per OFDM symbol remains in the
tens of 𝜇𝑠 , whereas existing methods yield milliseconds of latency.
Impact of unsynchronization and data augmentation. We
now validate our earlier claims that our transformer-based model
can better tolerate the unsynchronization between the transmitted
OFDM signal and the backscatter signal. Fig. 15(a) shows how in-
creasing the synchronization offset from perfectly aligned samples
to up to a 10 𝜇𝑠 mismatch affects the three demodulation methods.
We use 1584-subcarrier setting here with symbol duration being
16.67 𝜇𝑠 . This means that at a synchronization error of 5 𝜇𝑠 , ap-
proximately 30% of backscatter samples are not aligned with their
corresponding OFDM symbol. We find that WiNB’s transformer
can tolerate the synchronization errors much better by maintaining
the low BER. On the other hand, the BER sharply increases for GA
and QN, converging to an unacceptable level. As discussed before,
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Figure 15: (a) Impact of synchronization offset on BER, and
(b) model performance with and without data augmentation
through synthetic unsynchronized samples.
our model is trained on both synchronized and unsynchronized
instances of backscatter data embedded in OFDM symbols. This
not only makes the model robust to synchronization errors during
inference but also helps it converge faster during training without
requiring extensive measurements. Fig. 15(b) shows the impact of

Platform Per-symbol Inference Latency

RTX 5090 1 𝜇s
MacBook M3 (CPU) 16 𝜇s
Jetson Orin Nano 43 𝜇s

Table 3: Measured and estimated per-symbol inference la-
tency for the pruned model on different platforms.

this data augmentation on BER with different synchronization off-
sets. As expected, we find that the model with augmentation from
unsynced data helps it to tolerate synchronization offsets better.

6.4 Model complexity and generalization
Need for dual-task learning. Our key insight in this work is
that channel estimation and backscatter demodulation are tightly
coupled tasks, and jointly resolving them through learning can
improve the performance. To validate this claim, we compare our
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Figure 16: (a) Dual task model comparison with single task
models, and (b) channel estimation performance in our dual-
task model. Error bars show 95% confidence intervals over
repeated measurements.

dual-task learning model with three variations: (1) No-ML: here,
both channel estimation and backscatter demodulation are per-
formed in sequence through non-ML methods (least-squares with
interpolation for channel estimation and QN for backscatter modu-
lation). This is the baseline we have used in the results discussed so
far. (2) BS-ML: Here, the channel estimation is performed through
least-squares (no CE task in our model), but the backscatter demod-
ulation is performed through a single-task transformer (trained
separately). (3) CE-ML: Here, the channel estimation is performed
through a single-task transformer, but once the channel estimate is
available, the QN method is used for demodulating the backscatter
bits. This ablation helps us understand how much the dual-task
model can help improve performance. Fig. 16(a) shows the compar-
ison of four methods for different subcarrier configurations. We
observe that the dual-task model consistently outperforms both
single-task models, demonstrating its ability to model dependencies
between the two tasks via shared attention in the transformer.

We also evaluate how our dual-task model improves channel
estimation alongwith backscatter BER.We compareWiNB’s channel
estimation with the default 5G NR standard channel estimation
technique based on least squares (LS) and interpolation on DM-
RS symbols. Fig. 16(b) compares channel estimation errors. Since
we do not have the ground truth channel in our experiments, we
compare the original pilot symbols with the received pilot symbols
equilized using our estimated channel. This is similar to our loss
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Case Environment Training Testing BER

(1)
Indoor Only

R1 R2 3.2 × 10−4
(2) R1 + R3 R2 3.1 × 10−4
(3) R1 + R2 + R3 R2 1.2 × 10−4

(4) Outdoor Only O1 O2 2.7 × 10−4
(5) O1 + O2 O2 1.5 × 10−4

(6) Indoor + Outdoor R1 + R2 + R3 + O1 + O2 R2 1.1 × 10−4
(7) R1 + R2 + R3 + O1 + O2 O2 0.9 × 10−4

Table 4: BER across indoor, outdoor, and indoor+outdoor
environments. Training with both indoor and outdoor data
provides the best generalization performance.

function for the channel estimation task in Equ. 3. We find that
our transformer’s channel estimation task achieves much better
channel estimates than LS. This is in line with results from other
ML-based channel estimator works [12, 32, 47] that have shown a
better performance than the default methods.
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Figure 17: (a) Two training augmentations with testing in
Room 3, and (b) Impact of suboptimal beam selection under
indoor and outdoor environments.

Generalization across different environments. We evaluate
how WiNB’s transformer generalizes across indoor, outdoor, and
indoor+outdoor environments. Since the dual-task design separates
channel effects from backscatter modulation within each OFDM
symbol, it generalizes well across diverse conditions. Table 4 shows
three indoor cases (R1–R3), with 200K training and 20K testing sam-
ples. Training on R1 and testing on R2 yields BER of 10−4; adding
R3 data (while keeping training size fixed) slightly improves BER
due to increased diversity. Adding same-domain data (R2) further
reduces BER, though gains are modest, indicating limited reliance
on site-specific data.We extend this to outdoor settings (O1, O2) and
mixed training. Outdoor-only training achieves comparable BER
to indoor cases, while combining indoor and outdoor data yields
the best performance, reducing BER across both test settings and
improving robustness to diverse propagation conditions, including
richer multipath and environmental variations. Fig. 17(a) shows
how BER changes when the model is augmented with additional
training data. We train the model using Room 1 (160K samples) and
Room 2 data (40K samples), and test it on Room 3 samples (20K)
while gradually adding more training data in two following ways:
(i) Out-of-domain: adding 20K more samples from Room 1, and (ii)
In-domain: adding 20K more samples from Room 2. We find that
both cases yield almost comparable BER, and the model appears to

bemostly benefiting from havingmore data (in or out-of-domain) in
training as opposed to having more in-domain data. Overall, these
results show that WiNB generalizes well not only across different
indoor environments but also across indoor and outdoor domains.
With newly available diverse channels and backscatter data, it can
achieve much lower BER in practice.
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Figure 18: Model complexity: (a) Computational cost, re-
ported as GFLOPs per inference; and (b) Model size, i.e., the
memory footprint required for each configuration.

Impact of Mobility and Beam Drift. To evaluate the robust-
ness of WiNB under practical deployment conditions, we conduct
experiments by selecting different receive beams to emulate beam
misalignment due to UE mobility. Specifically, we sweep over the
beam indices defined by the Sivers codebook at the UE, which pro-
vides 64 discrete beam directions, with the main lobe angle between
adjacent beams being 1.6°, to study how performance varies with
beam drift. As shown in Fig. 17(b), we observe that a contiguous
range of beam indices achieves low BER (on the order of 10−4)
when the UE beam mainlobe still remains under the tag’s transmit
antenna beamwidth. Within this region, the performance remains
stable even under moderate beam misalignment, indicating robust-
ness to small UE movements. As the selected beam moves away
from this region, the BER gradually increases as expected, and even-
tually approaches a high error rate when the beam no longer aligns
with the signal direction.
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Figure 19: (a) BER under increasing training data for differ-
ent embedding sizes, and (b) Relationship between channel-
estimation accuracy and tag-bit BER across training epochs
for both baseline and pruned models.

Model complexity and size. To study the scalability of themodel
in different OFDM configurations, we evaluated computational and
memory costs in three subcarrier settings (384, 792, and 1584), using
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embedding dimensions of 24, 48, and 192, respectively, to maintain
a similar BER. Fig. 18(a) reports the required GFLOPs per symbol
(with and without pruning), showing a steady increase as the input
dimension grows, rising from roughly 0.5 GFLOPs at 384 subcarriers
to about 2.5 GFLOPs at 1584. The corresponding model size, shown
in Fig. 18(b), also increases with input dimensionality but remains
compact (0.3-1.3 MB). Both FLOP and memory size values observed
from Pytorch match with our complexity analysis in Fig. 6 within
a 1.4% error margin.
Training size and epochs. To evaluate the efficiency of our
multi-head shared-attention transformer, we study how model ac-
curacy and computational cost evolve across different architectural
and training configurations. We investigate how the model benefits
from increased training data in Fig. 19(a). We find that a much lower
BER can, in fact, be achieved if the model is trained with much
more data than we have used so far (≈ 106). This means the model’s
performance can be further improved by incrementally training it
with additional data from diverse environments. To gain insight
into the learning dynamics, Figure 19(b) characterizes the relation-
ship between channel-estimation accuracy and tag-bit BER across
training epochs, and contrasts the full model with its 60%-pruned
variant, illustrating that most performance is preserved even after
substantial structural reduction. Together, the proposed architec-
ture achieves high accuracy while remaining highly scalable, and
pruning provides an effective mechanism for meeting real-time
constraints without compromising performance.

6.5 Tag Power consumption
The WiNB tag consists of four key components: a clock generator,
an SSB detector, a backscatter modulator, and an SPDT switch. We
evaluate the power consumption of these components using Libero
SoC SmartPower [33]. The clock, generated by a chain of serial
inverters at 100 MHz, drives both the modulator and the frame
detector. It consumes 13.6 𝜇𝑊 of power. The backscatter modulator,
which provides the control signals to the SPDT switch for embed-
ding backscatter bits onto the carrier signal, consumes 4 𝜇𝑊 . The
SSB frame detection requires 139.6 𝜇𝑊 of computational power.
The ADRF5021 SPDT switch control used for phase modulation
consumes 264 𝜇𝑊 , while the ADRF5045 SP4T switch control for
beam-pattern consumes 372 𝜇𝑊 . We further validate the power
consumption of key RF components through measurements us-
ing a Monsoon power monitor [48]. Our measurements show that
the ADRF5021 switch consumes 1.83 mW in the static state and
2.15 mW during dynamic operation, while the ADL6010 power de-
tector consumes 10.72 mW (static) and 10.98 mW (dynamic). These
measurements are higher than the circuit-level estimates, as they
include practical overheads such as biasing, RF interfacing, and
measurement conditions. Overall, while the measured RF front-
end components incur additional power consumption, the total
system power consumes 13.59 mW. This is comparable to prior
mmWave backscatter systems [36, 42]. In particular, MilBack [36]
reports a total power consumption of 18 mW during localization
and downlink, and 32 mW during uplink, while BiScatter [42] re-
ports a total system power consumption of 48 mW. These results
demonstrate that WiNB maintains a low-power design suitable for
practical backscatter deployments.

7 Related Works
Ambient backscatter. Conventional backscatter systems have
been studied for more than two decades [20, 25, 39] and are pri-
marily designed for ultra-low-power communication. However, the
high cost of deploying dedicated RFID readers [21] has driven the
development of ambient backscatter systems, which leverages ex-
isting RF signals such as TV [34], WiFi [3, 7, 27, 28, 61], LTE [13],
IoT signals [54, 55, 60], and even radar transmissions [5, 50]. Early
ambient backscatter efforts primarily focused on sub-6 GHz WiFi
signals due to their favorable adaptability. More recently, mmWave
backscatter systems [5, 9, 10, 29, 36–38, 46] have received significant
recent attention motivated by the large bandwidth and potential
for high-speed data rates at the mmWave band. Many of these
mmWave backscatter designs [5, 36, 46] employ mmWave FMCW
radars as readers, which enable precise distance and Doppler esti-
mation for sensing and localization. However, radar-based readers
are not well-suited for high data rate applications.
OFDM-based backscatter. OFDM-based backscatter has emerged
as a compelling alternative because OFDM is widely deployed
and supports high-throughput communication via its orthogo-
nal subcarriers. Early systems [3, 17, 63] embed only a single bit
per OFDM symbol, simplifying demodulation but underutilizing
OFDM’s frequency-domain resources and limiting throughput. Re-
cent efforts [13, 35, 43, 57] adopt sample-level modulation to fully
exploit the subcarrier structure and improve performance. While
sample-level OFDM designs improve data rates, they incur high
demodulation complexity along with synchronization and chan-
nel estimation challenges. In contrast, our dual-task model jointly
reduces complexity and resolves synchronization, enabling near
real-time backscatter demodulation with compatibility for wide-
area 5G NR deployments.

8 Conclusion and Discussion
The paper presents a novel 5G NR OFDM backscatter system that
achieves low complexity of backscatter demodulation, low BER,
and high throughput. It advances the state of the art by developing
a dual-task transformer that can be implemented on a backscatter
receiver, thanks to its high efficiency and small memory footprint.
Our current design opens up several directions for future explo-
ration. (1) Applications: While the high-throughput backscatter
design enables applications such as backscatter video streaming, a
complete end-to-end system requires additional components, in-
cluding sensing, video capture, and efficient encoding. Integrating
these modules and optimizing the full pipeline for real-time opera-
tion remain important directions for future work. (2) UE Mobility
and Beamforming: Although our results show robustness under
moderate mobility and suboptimal beam selection, more dynamic
scenarios with fast user movement and beam drift remain to be
explored. Future work can investigate adaptive beam tracking and
joint optimization of beamforming and backscatter modulation to
further improve reliability under mobility. (3) COTS UEs: Our cur-
rent prototype requires access to OFDM IQ samples, which are not
always available on COTS UEs, and thus does not represent a typical
UE deployment. Extending our current techniques to data and in-
terfaces commonly available on COTS UEs remains an outstanding
challenge for practical deployment.
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