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ABSTRACT
Integrating millimeter wave (mmWave) technology in both
communication and sensing is promising as it enables the
reuse of existing spectrum and infrastructure without drain-
ing resources. Most existing systems piggyback sensing onto
conventional communication modes without fully exploit-
ing the potential of integrated sensing and communication
(ISAC) in mmWave radios (not full-fledged). In this paper, we
design and implement a full-fledged mmWave ISAC system
Gemini; it delivers raw channel states to serve a broad cate-
gory of sensing applications. We first propose the mmWave
self-interference cancellation approach to extract the weak
reflected signals for near-field sensing purposes. Then, we de-
velop a joint optimization scheduling framework that can be
utilized in accurate radar sensing while maximizing the com-
munication throughput. Finally, we design a united fusion
sensing algorithm to offer a better sensing performance via
combining monostatic and bistatic modes. We evaluate our
system in extensive experiments to demonstrate Gemini’s
capability of simultaneously operating sensing and commu-
nication, enabling mmWave ISAC to perform better than
the commercial off-the-shelf mmWave radar for 5G cellular
networks.
1 INTRODUCTION
The past decade has witnessed significant progress in mil-
limeter wave (mmWave) technology since it offers wider
bandwidth and more antennas (e.g., 2GHz bandwidths and
16-element antennas [26]), compared with commodity sub-
10GHz technologies (e.g., Wi-Fi 6 [5, 9]). On the one hand,
these features enable mmWave communications to support a
wide range of high-throughput applications, such as ultra HD
video streaming, virtual and augmented reality [11, 48]. On
the other hand, the same features also endow mmWave sens-
ing with high spatial resolution, makingmmWave radars nec-
essary components of smart vehicles and robots [31, 32, 47].
While progress in communication and sensing used to be
fairly independent, both academia and industry have started
exploring the promising integration of sensing and commu-
nication (ISAC) for the next generation of mmWave sys-
tems [30, 36], enabling the use of existing spectrum and
infrastructure, avoiding the cost of new hardware.
A number of existing theoretical proposals on mmWave

ISAC systems for 6G and beyond have appeared [29] focus
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Figure 1: Vision of full-fledged mmWave ISAC system.

mainly on focus on waveform design, rather than guiding
the practical systems to merge one function (e.g., sensing)
with devices designed for another purpose (e.g., mmWave
Wi-Fi [50, 52]). Among the few existing mmWave ISAC sys-
tems, most are designed to piggyback sensing onto commu-
nication infrastructure, hence confining sensing to only the
multi-static communication setting with transmitter (Tx) and
receiver (Rx) physically separated [36]. Only one SDR-based
system by far has emulated a radar-like monostatic sensing
capability [20], where the Tx and Rx are co-located to enable
precise range estimation, yet it bears no intention in realizing
ISAC: its waveform is designed only for sensing, rendering it
largely incompatible with the existing commodity mmWave
devices [1, 37]. In a nutshell, while theoretical studies on
ISAC barely contribute to the development of real systems,
existing system design stays at adapting phase far from a
full integration.

Unlike conventional sub-10GHz Wi-Fi often getting only
a couple of antennas, mmWave communication systems
have their access point (AP) and user equipment (UE) both
equipped with multiple phased arrays (a.k.a. hybrid beam-
forming for massive MIMO [22, 39]). As a result, typical
mmWave ISAC scenarios shown in Figure 1 have their com-
munication links highly directional, making them sub-optimal
for the multi-static sensing setting where sensing subjects
are often off the link. Therefore, a full-fledged mmWave
ISAC system would need to better leverage the beamforming
capability to handle sensing and communication in a truly
integrated manner. In particular, the beam patterns should
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be designed to support three functions: i) pure communica-
tion, ii) pure sensing under monostatic (reflection) sensing
mode, and iii) simultaneous communication and sensing
under monostatic and multi-static modes, as illustrated in
Figure 1.

Implementing such a truly integrated mmWave ISAC sys-
tem faces three major challenges. Firstly, unlike long-range
sensing where direct Tx interference can be readily removed
thanks to the fine-grained temporal resolution resulting
from mmWave’s wide bandwidth, short-range sensing com-
monly adopted for indoor scenarios has to cope with the
Tx interference potentially overwhelming the reflected sens-
ing signals [16]. Second, though beam scheduling exists for
mmWave communications, satisfying the three functions of
mmWave ISAC demands a largely enhanced fair scheduling
algorithm to weigh among all necessary beam patterns. Last
but not least, both monostatic and multi-static modes may
coexist and thus generate complementary sensing informa-
tion concerning the same subject, incurring the need for a
unified framework to fuse such diversified information in a
constructive manner.

To this end, we build Gemini as a system that effectively in-
tegrates full-fledged sensing and communication at mmWave
band. Gemini employs both a smart beamforming and a deep
neural model to cancel the 2GHz wideband Tx interference;
this allows the weak reflected signals from sensing subjects
to be effectively extracted for short-range sensing. Extending
the idea of smart beamforming, Gemini further innovates in
a set cover inspired beam scheduling algorithm, in order to
satisfy both sensing accuracy and communication through-
put. Finally, Gemini is equipped with a distributed fusion
mechanism for unified estimation, leveraging diversified in-
formation gathered from both monostatic and multi-static
sensing modes. All these are wrapped into a mmWave ISAC
protocol largely compatible with existing 802.11ay [10], im-
plemented upon Sivers IMA EVK06003 [4] that operates at
60GHz band and is equipped with 16-element phased arrays.
Our major contributions are summarized as follows:

• To the best of our knowledge, Gemini is the firstmmWave
ISAC system with a full-fledged sensing capability in-
tegrated with default communication function.
• Wepropose an interference cancellation scheme driven
by deep neural model to combat the wideband and non-
linear Tx interference to short-range sensing.
• We invent an application-aware beam scheduling al-
gorithm for jointly optimizing sensing accuracy and
communication throughput.
• We design a unified estimation framework to leverage
the sensing diversity offered by both monostatic and
multi-static modes.

• We evaluate our Gemini prototype with extensive ex-
periments. The results confirm that Gemini gains full-
fledged mmWave ISAC capability under realistic sce-
narios, such as point cloud and human tracking.

Noted that Gemini delivers raw channel states to enable
various sensing application; it is not meant for any specific
sensing purpose. The rest of our paper is organized as fol-
lows. Section 2 provides background and motivations for
mmWave ISAC systems. Section 3 presents the critical com-
ponents of Gemini. Section 4 specifies how the prototype
is implemented. Section 5 reports the evaluation results on
different applications. We briefly discuss general literature
respectively on mmWave platforms and ISAC in Section 6,
where we also explain limitations and future directions of
Gemini. Finally, Section 7 concludes our paper.

2 BACKGROUND AND MOTIVATIONS
We start with the background on mmWave communication,
and we then provide motivating examples to concretely
demonstrate the challenges faced by the mmWave ISAC
system design.

2.1 Basics of mmWave Communication
The following procedure summarizes default mmWave com-
munication of IEEE 802.11ay [10].
• Carrier Sense: In order to avoid collisions, mmWave
devices (including AP and UEs) configure quasi-omni-
directional patterns to their Rx phased arrays, and
perform listen-before-talk principle.
• Sector Sweep: This phase determines the alignment di-
rection of the main beams between AP and UE. If chan-
nel is idle, AP broadcasts sector sweep (SSW) frames
with different narrow beams to scan all bearings, and
UEs respond with signal strength indicators.
• MIMO Setup & Training: The AP selects UEs in-
tended for transmissions, and sends special frames to
notify them. This is followed by the AP transmitting
training (TRN) sequences to these UEs for channel
state information (CSI) estimation, and the UEs report
results back to the AP.
• Beamforming: The optimal MIMO configurations are
set by the AP, and beamforming is performed.

The implications of the above procedure are twofold: i) only
one mmWave device is allowed to transmit due to carrier
sensing and later responses from an UE, and ii) the bearings
of all UEs1 are obtained in the sector sweep phase. Therefore,
it is reasonable to consider that all UE locations are known
to the AP; this applies to all subjects too (see Section 3.1.2).

1In fact, the ranges between the AP and all UEs can be also obtained via the
two-way time of arrival ranging method [17].
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2.2 Tx Interference on Short-range Sensing
To realize the radar-like monostatic sensing function, Rx
needs to be co-located with Tx to receive the reflected sig-
nals incurred by transmissions [2], but this arrangement
naturally leads to Tx interference that potentially overpow-
ers the reflected sensing signals. For long-range monostatic
sensing envisioned for 5/6G base stations [20] where sub-
jects are hundreds or even thousands of meters away from
the signal source, one may leverage the fine-grained range
bins [2] offered by the wide bandwidth of mmWave to han-
dle Tx interference. Unfortunately, short-range monostatic
sensing, often used indoors, is challenged by strong trans-
mission interference, which can spread across several bins
and overwhelm the sensing signals.

Though the same challenge also exists for enabling ISAC
upon sub-10GHz IoT devices [16], the Tx interference of
mmWave is more complicated, due to the much higher car-
rier frequency and wider bandwidth. Such interference is
quite different in nature too, as existing mmWave commu-
nication platforms (e.g., [26, 27]) often have separated Tx
and Rx chains with their respective phased arrays, the Tx
interference takes place in a cross-chain manner, instead of
the intra-chain style for IoT devices [16]. To better under-
stand how Tx interference affects the short-range monostatic
sensing performance, we take the “push-pull” hand gesture
as an example, and measure the signal magnitude variations
caused by it, using Gemini whose implementation will be
introduced in Section 4.

Our experiments follow 802.11ay standard [10]: OFDM is
adopted for transmission and the CSI is obtained from the
TRN field of a packet. For sensing purpose, we apply the
inverse FFT to each CSI to obtain the CIR (channel impulse
response) as the fast-time dimension, and combine multiple
CIRs as the slow-time dimension. For the sake of clarity, we
specifically differentiate between Tx-beamforming and Rx-
beamforming, where only the respective phased arrays are
leveraged to achieve the “focusing” effect in this experiment.
We first control the main beams of Tx-beamforming and

Rx-beamforming at 0◦ orientation to point to the hand, and
show the heatmap of CIR matrix in Figure 2(a). As expected,
the heatmap exhibits random patterns that totally annihilate
any features from the push-pull hand gesture, clearly demon-
strating the damaging effect of the strong Tx interference to
saturate the Rx chain. We then use Tx and Rx beamforming
to cancel the Tx interference as much as possible. As shown
in Figure 2(b), although certain beamforming patterns may
help “single out” the features of the push-pull hand gesture,
minor residual interference still persists to affect the CIR
matrix used for sensing. More importantly, as beamform-
ing is commonly used by mmWave communication systems
to enhance channel quality, borrowing the same technique
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Figure 2: Sensing results, in the form of CIR matrices,
of push-pull hand gesture, w/ and w/o beamforming.

for sensing purpose may cause conflict between these two
objectively; which leads to our next challenge.

2.3 Beam Scheduling Matters
Recalling that most of the current mmWave research pro-
posals treat communication and sensing independently: they
either focus on improving network throughput [33, 47, 53], or
dedicate the mmWave devices to serve bistatic sensing [36].
Only one recent proposal [51] considers simultaneous com-
munication and sensing, but the sensing is only piggybacked
on communications by leveraging the side lobes to conduct
low-effective sensing: it trades latency for temporal diver-
sity so as to enhance sensing quality, at the cost of handling
only static sensing subjects. For full-fledged ISAC mmWave
systems, we need to balance the need from three functions,
namely pure communication, pure sensing, and simultaneous
communication and sensing. In the following, we conduct
two experiments using the same setting, as in Section 2.2 to
demonstrate the inherent conflict among these functions.
Given a setup consisting of an AP, a subject, and a UE

arranged in an isosceles triangle configuration, the perfor-
mance evaluation is carried out in two distinct cases: Case 1
chooses the best alignment between the main beams of the
AP and UE for communications, while Case 2 has the AP
and UE beamforming towards the subject for sensing hand
gesture (only AP Tx and Rx beamforming is needed for mono-
static sensing). The performance of these cases are depicted
in Figure 3 for both monostatic and bistatic modes. It is evi-
dent that Case 1 gains much higher throughput than Case 2
in both sensing modes, but it is the reverse situation for hand
gesture sensing. Also, Figure 3(d) serves as a counterexample
for the effectiveness of the sidelobe sensing [51]. Apparently,
the distinct beam patterns and the one-dimensional schedul-
ing (only in bearings) are the key factor for the performance
in both cases, indicating the need for a new beam scheduling
algorithm to serve the best interest of both communication
and sensing under both sensing modes.

2.4 Complementary Sensing Modes
Whereas the monostatic mode has many advantages (mostly
in terms of the synchrony between Tx and Rx) [16], there
exist certain situations where the bistatic mode may provide

3
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(a) Throughput (monostatic). (b) CIR matrix (monostatic).

(c) Throughput (bistatic).
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Figure 3: The communication throughput and sensing
CIR heatmaps in monostatic and bistatic modes.

complementary sensing information: this is the diversity gain
achievable due to the different “viewpoints”. Given the same
experimental setting as Section 2.3, we measure the reflec-
tion power and the signal-to-noise ratio for sensing (S-SNR),
computed similarly to that for communication) in a setup
where the subject stands sideways with the shoulder facing
the AP to minimize the impact of the hand gesture to the
monostatic sensing signals (hence rendering it disadvanta-
geous); the measurements for both monostatic and bistatic
modes are shown in Figure 4. Clearly, the bistatic mode out-
performs the monostatic mode in both reflection power and
SNR, with 3dBm gain in average power (nearly doubling
that of monostatic mode’s 3.3 dBm power), as shown in Fig-
ure 4(a), and more than 2dB gain in average S-SNR upon that
of the monostatic mode’s 2.05dB, as shown in Figure 4(b).
These results can be explained by the relation between

the motion direction of hand and the direction of signal re-
flections. As motion sensing with mmWave signals relies on
the signal magnitude variations caused by motion, the better
the motion direction is aligned with that of reflection, the
stronger the reflection variations are. In reality, the chances
for an arbitrary motion direction to be aligned with either
monostatic or bistatic sensing mode is surely higher than
with only one of them, because combining distinct reflection
directions could improve the signal diversity. Since an ISAC

(a) Reflection power. (b) S-SNR.

Figure 4: The reflection power and S-SNR inmonostatic
and bistatic modes, respectively.

system should definitely leverage this sensing diversity to
offer effective sensing capabilities, it is imperative to have a
unified framework for merging monostatic and multi-static
sensing modes in a constructive way.

3 GEMINI: MMWAVE ISAC DESIGN
Motivated by the observations made in Section 2, our Gemini
design comprises five key components: i) a sensing-aware
channel probing scheme, ii) a two-stage Tx interference can-
cellation, iii) a holistic beamforming and scheduling mecha-
nism for both sensing and communications, iv) an algorithm
to exploit the diversity in sensing modes, and v) a hardware
platform to support previous components. Given the over-
all construction of Gemini shown in Figure 5, the first four
components are held in the three leftmost blocks, and they
control the remaining (mostly hardware) blocks to perform
beamforming and cancel interference, aiming to satisfy the
diversified ISAC requirements. In the following, we intro-
duce the first four components respectively but postpone
the platform implementation details to Section 4.

3.1 Channel Modeling and Probing
In this section, we design a probing scheme to obtainmmWave
MIMO channel states for both sensing and communication,
based on a properly defined channel model.
3.1.1 Modeling mmWave MIMO Channels. Compared with
conventional (communication) channel, the mmWave MIMO
channels for ISAC can be far more complicated, as they in-
clude at least four components: Tx interference, monostatic
sensing (reflection), communication, and multi-static sens-
ing (reflection). In a typical indoor mmWave MIMO setting,
the AP has 𝑁 Tx/Rx chains, each of them equipped with
an 𝑀-elements phased array. For ISAC-oriented temporal
scheduling, the AP selects 𝑁U UEs and 𝑁S subjects (where
𝑁 = 𝑁U + 𝑁S) from all UEs and subjects to serve at each
time slot. Since the MU-MIMO via hybrid beamforming is
adopted by IEEE 802.11ay [10], we consider the AP perform-
ing the MU-MIMO to the UEs. We let 𝒔(𝑡 ) = [𝑠1(𝑡 ), · · · , 𝑠𝑁 (𝑡 )],
𝒚u(𝑡 ) = [𝑦u

1 (𝑡 ), · · · , 𝑦u
𝑁U

(𝑡 )], and 𝒚s(𝑡 ) = [𝑦s
1(𝑡 ), · · · , 𝑦s

𝑁S
(𝑡 )] re-

spectively represent the Tx signals from the AP, the Rx sig-
nals at the UEs, and the monostatic sensing signals received
by the AP. Note that, 𝒚u(𝑡 ) and 𝒚s(𝑡 ), even when happening
to the same device, are temporally separated by the MAC
protocol (see Section 2.1), while 𝒚u(𝑡 ) is the superposition of
the multi-static sensing signals 𝒚us(𝑡 ) and the pure commu-
nication signals 𝒚uc(𝑡 ), i.e., 𝒚u(𝑡 ) = 𝒚us(𝑡 ) +𝒚uc(𝑡 ). In total, we
can characterize the simultaneous ISAC (both AP and UE)
Rx signals by:

𝒚(𝑡 ) = [𝒚u(𝑡 ),𝒚s(𝑡 )]′

= 𝑾Rx
DB𝑾

Rx
AB𝑯 (𝑡 )𝑾Tx

AB𝑾
Tx
DB𝒔(𝑡 ) + 𝑾Rx

DB𝑾
Rx
AB𝒏(𝑡 ), (1)
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where𝑾Rx
DB,𝑾

Tx
DB,𝑾

Rx
AB, and𝑾

Tx
AB are the Rx digital beamform-

ers, the Tx digital beamformers, the Rx analog beamformers,
and the Tx analog beamformers, respectively, [·]′ denotes
matrix transpose, and 𝒏(𝑡 ) is the additive Gaussian noise with
variance 𝜎2. It is worth noting that𝑾Rx

∗ is of block-diagonal
form, as it involves the beamformer of one device (e.g., UE)
for 𝒚u(𝑡 ) and that of another (e.g., AP) for 𝒚s(𝑡 ).

The 𝑯 (𝑡 ) in Eqn. (1) represents the mmWave MIMO chan-
nel; it involves the following major components:

𝑯 (𝑡 ) = 𝑯ti(𝑡 ) + 𝑯s(𝑡 ) + 𝑯c(𝑡 ) + 𝑯ms(𝑡 ), (2)

where the 4 terms on the right-hand side denote the Tx inter-
ference channels, monostatic sensing channels, communica-
tion channels, andmulti-static sensing channels, respectively.
According to Section 2.2, 𝑯ti(𝑡 ) may strongly affect 𝑯s(𝑡 ), but
the impact from 𝑯c(𝑡 ) to 𝑯ms(𝑡 ) can be readily handled [50].
Moreover, Eqn. (1) confirms what we have observed in Sec-
tion 2.3: the hybrid beamformers can be scheduled to largely
reshape the channels so as to affect performance in both
communication and sensing. Consequently, though the two
groups of channels, i.e., {𝑯ti(𝑡 ),𝑯s(𝑡 )} vs {𝑯c(𝑡 ),𝑯ms(𝑡 )}, are
seemingly independent of each other as they are physically
or temporally separated, they become correlated as they may
share the same Tx beamformers𝑾Tx

∗ . In a nutshell, the goal
of Gemini is to optimize the hybrid Tx/Rx beamformers on all
these channels in 𝑯 (𝑡 ) for balancing the performance between
sensing and communication. We take a divide-and-conquer
method to approach this optimization, by eliminating 𝑯ti(𝑡 )
in Section 3.2 and jointly scheduling {𝑯s(𝑡 ),𝑯c(𝑡 ),𝑯ms(𝑡 )} in
Section 3.3. However, before executing this plan, a scheme
to probe the channel states needs to be in place.
3.1.2 Probing mmWave ISAC Channels. Recall that a prob-
ing scheme is employed for mmWave communications to ac-
quire 𝑯c in Section 2.1 under the sector sweep phase, which
also yields 𝑯ms(𝑡 ) and the bearings of subjects via static
background removal [12] and signal detection [38]. Since
{𝑯ti(𝑡 ),𝑯s(𝑡 )} cannot be directly acquired by this scheme, we
piggyback an additional probing scheme on the existing one
by emulating its behavior. Consequently, we mainly focus
on this added scheme aiming to estimate the Tx interference

...SSW

SSW

SS
W

Tx chain Rx chain 1 Rx chain 2

Quasi-omni pattern Quasi-omni pattern

Transmit the SSW Receive the SSW

Tx SSW Sector Received
SSW Sector

Received
SSW Sector

1234
Order

......

Figure 6: Tx interference probing via extended SSW:
“SSW sector” bars show the interference strength for
each direction.

channels 𝑯ti(𝑡 ) for the follow-up cancellation that obtains
monostatic sensing channel 𝑯s(𝑡 ) in Section 3.2. A byproduct
of this two-round probing and the later resulting 𝑯s(𝑡 ) is the
locations of all subjects, as subject ranges can be inferred
from 𝑯s(𝑡 )’s time-of-flight.
Since the phased array equipped at Tx chain has mul-

tiple beam patterns and each of them causes different Tx
interference, a probing scheme needs to collect all kinds
of corresponding Tx interference channels. Therefore, our
added scheme involves an additional round of SSW with a
substantially lower Tx power to create a “wireless shortcut”
for probing 𝑯ti(𝑡 ), in order to avoid the interference from
surrounding environments. As shown in Figure 6, upon trans-
mitting SSW frames with Tx sector ID sequentially from a
device (the pink sectors), the phased arrays of its Rx chains
are set to quasi-omni-directional patterns to receive SSW
frames (the blue sectors). In this way, the channel estimation
field with TRN of SSW is utilized to extract the Tx inter-
ference channels 𝑯ti(𝑡 ) via a minimum mean square-error
estimation [44].
Whereas the UE channel in Figure 7(a) is discovered by

the 1st round SSW, the two sensing channels in Figure 7(b)
are probed during the same SSW round. Apparently, the
beamforming for UE may allow for sensing ‘Subject1’ at the
same time, yet sensing ‘Subject2’ has to be scheduled in a
different time slot. Moreover, the 2nd round SSW obtains Tx
interference states shown in Figure 7(c): the impact appears
to be more intensive at 0◦ and is otherwise quasi-symmetric
on two sides. We also measure the correlation between any

5
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(a) Comunication. (b) Bistatic.

(c) Tx interference for monostatic. (d) Tx interference correlation.

Figure 7: Beamforming heatmaps of (a-b) default prob-
ing for communications and multi-static sensing, (c)
new probing scheme for Tx interference, with (d) sta-
tistics on interference stability.

two Tx interference channels at different time slots, and the
results in Figure 7(d) demonstrate correlation coefficients
mostly above 0.8. Therefore, the information provided by
one round SSW can help train a cancellation process that
remains valid for a long period.

3.2 Monostatic Sensing for mmWave ISAC
In this section, we introduce a two-stage Tx interference
cancellation process to enable monostatic sensing: namely
beam nulling and deep denoising.
3.2.1 Beam Nulling. We leverage the hybrid beamforming
to reduce the Tx interference at the first stage. Since ad-
vanced phased array allows for controlling both amplitude
and phase [49] via antenna weights vectors (AWV), we lever-
age this ability to offer efficient solutions for future develop-
ments. To achieve beam nulling for the 𝑖-th sector containing
at least a subject, we leverage the hybrid beamforming to
minimize Tx interference 𝑯 𝑖

ti(𝑡 ):

min𝑾Rx
DB,𝑾

Rx
AB,𝑾

Tx
AB,𝑾

Tx
DB
∥𝑾Rx

DB𝑾
Rx
AB𝑯

𝑖
ti(𝑡 )𝑾

Tx
AB𝑾

Tx
DB∥2𝐹 , (3)

where ∥·∥𝐹 is the Frobenius norm. Since the hybrid beam-
formers involve a large amount of parameters to be opti-
mized, searching for an optimal solution directly using con-
ventional optimization methods can be highly inefficient.
Moreover, since these parameters will also be needed for
the joint scheduling in Section 3.3, the degree of freedom in
fine-tuning them is limited.

Fortunately, we find the problem (3) can be approached as
training a neural network, given the similarity between the
data pipeline (see Figure 5) and a linear autoencoder [25]. We
reformulate Eqn. (3) into an inverse neural network shown
in Figure 8, where the Tx interference channels and the
Tx/Rx hybrid beamformers are respectively modeled as the

Decoder Encoder

Frozen
weights

Bottleneck

T
F

1

2

Figure 8: The two-stage Tx interference cancellation
via linear autodecoder (LAE) and cGAN.
bottleneck layer (weights frozen as the channel 𝑯 𝑖

ti(𝑡 ) is phys-
ically determined) and decoder/encoder whose weights are
beamformer parameters, while the Tx signals 𝒔 become the
TRN. The objective of a hypothetical training process should
result in the output 𝒙 being the𝑯s(𝑡 ) after canceling the over-
whelming 𝑯 𝑖

ti(𝑡 ). However, the network cannot be trained
without any ground truth dataset for 𝑯s(𝑡 ).
3.2.2 Deep Denoising. By far, we have reformed the prob-
lem to reconstructing 𝑯s(𝑡 ) from the observation 𝑯 ′(𝑡 ) =
𝑯 𝑖

ti(𝑡 ) + 𝑔 (𝑯s(𝑡 )) where the 𝑔(·) is a deterministic mapping
introduced by the beamforming operations. Since obtaining
the ground truth for 𝑯s(𝑡 ) is infeasible, we try to bypass this
issue by using a mmWave radar at the 60GHz with 2GHz
bandwidth [2] to collect a dataset for 𝑯 ′s (𝑡 ): since the radar is
designed for sensing but with system parameters similar to
Gemini, 𝑯s(𝑡 ) and 𝑯 ′s (𝑡 ) should share high-level yet intrinsic
features. It should be stressed that the mmWave radar is
only deployed during the training stage and is surely not
required by Gemini in runtime. Though we cannot directly
use 𝑯 ′s (𝑡 ) as ground truth for supervised learning, exploiting
it to perform adversarial learning is certainly feasible. To
this end, we append an digital cancellation neural network
𝑪D(𝑡 ) to the above model (see Figure 8), and we train the
whole model as a cGAN (conditional Generative Adversarial
Network) [34]. Our model is trained to learn how to cancel
Tx interference regardless of all environment inferences, so
only one training is needed for each type of mmWave de-
vice. We denote by G the whole neural network constructed
so far; it generates samples 𝒙𝑔 = G(𝒛 |𝒔) with 𝒛 being the
background Gaussian noise introduced by the signal pro-
cessing/propagation pipeline (LAE). We further employ a
discriminator network D(𝒙) aiming to recognize if 𝒙 comes
from {𝑯 ′s (𝑡 )}. According to [34], D and G play a min-max
game modeled by:

min
G

max
D
E𝒙∼𝑝𝑯 ′s [logD(𝒙 |𝒔)] + E𝒛∼N[log(1 − D(G(𝒛 |𝒔)))],

whereN denotes the Gaussian noise distribution. Essentially,
we use the cGAN as a powerful non-linear filter to obtain
the monostatic sensing channels by “generating” it out of
the channel states contaminated by 𝑯 𝑖

ti(𝑡 ).
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(a) Output (heatmap) of LAE at 1. (b) Output (heatmap) of G at 2.
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(c) Respiration sensing results at different stages.

Figure 9: Beamforming heatmaps of our two-stage Tx
interference cancellation (a-b) and the resulting respi-
ration sensing outcome (c).

To verify the effectiveness of our design, we let a subject
stand in the front of our platform with 15◦ bearing and ex-
tract its respiration via the proposed pipeline. We first show
the heatmaps of our two-stage cancellation in Figures 9(a)
and 9(b); it clearly demonstrates the gradually “diminishing”
of𝑯 𝑖

ti(𝑡 ) through the pipeline. Further plotting the respiration
sensing results in Figure 9(c) confirms the largely suppressed
Tx interference 2.

3.3 Beam Scheduling for mmWave ISAC
Since 802.11ay has a default beam scheduling scheme for
MU-MIMO, our new scheduling scheme simply piggybacks
on the existing one, aiming to integrate sensing and commu-
nication beamforming in the most efficient manner, as briefly
envisioned by Figure 10. In the following, we first study how
sensing subject selection differs from UE selection, then a
scheduling algorithm is designed for efficient coverage of
both sensing and communications.
3.3.1 Subject and UE Selection. UE selection has a default
implementation in 802.11ay as MU-MIMO. In particular, MU-
MIMO starts with AP using the SSW (see Section 2.1) to
obtain channel states from UEs and grouping UEs with corre-
lated channels (of similar bearing) [42] as a set to be covered
by the same analog beam pattern. Then the bearing sched-
uling arranges UEs from the orthogonal (non-correlated)
sets to communicate via distinct Tx chains simultaneously.
For UEs covered by the same beam pattern or unable to be
scheduled spatially, a temporal scheduling operating in a
round-robin fashion is adopted to serve them. In summary,
the communication-oriented UE selection operates in a single
dimension manner for bearing scheduling, leading to ineffi-
ciency in handling the conflict among pure communication,

2While Gemini enables Tx interference cancellation, packet detection delays
may introduce ranging errors. This is mitigated through an RF loopback
calibration technique [20] in the RF front-end to correct the corresponding
phase offsets; it processes Rx signals before ranging.

Subject

UE
1st DFS

cover

1st DFS with minor
beam adjustment

1st Major
beam revision

2nd DFS
cover

2nd DFS
cover

Figure 10: BC-Sets for ISAC-oriented beam scheduling.

pure sensing, and simultaneous communication and sens-
ing (see Section 2.3) under ISAC context.
Unlike communication, sensing allows subjects with the

same bearing but different ranges to be differentiated, given
a sufficient range resolution. With the 2GHz bandwidth of
Gemini, the resulting centimeter-level resolution may enable
many subjects to be simultaneously covered by one beam
pattern, adding one more dimension for the ISAC scheduling.
In addition, locations of UEs and subjects are known (see
Sections 2.1 and 3.1.2). Consequently, we upgrade the corre-
lated set definition to a two-dimensional Beam-Compatible
Set (BC-Set) in the beamforming phase; it aims to group both
UEs and subjects under a single beam pattern that may serve
one UE and all the covered subjects simultaneously. We plot
five BC-Sets in Figure 10; they are meant for illustrative pur-
pose only, as realistic beam patterns (shown on the right
part) can be far more irregular.
3.3.2 Communication and Sensing Scheduling. To determine
the BC-Sets and their corresponding beam patterns, we start
from the default communication scheduling that outputs the
correlated communication setsU = {𝑈1, · · ·} [10]. As illus-
trated in Algorithm 1, our algorithm essentially executes in
a greedy manner: it first adds as many subjects as possible to
sets inU for forming the initial BC-Sets, then it constructs
new BS-Sets to cover the remaining subjects. It first gathers
all positions covered by beam patterns of individual sets in
U (line 2). Then it performs a range-wise depth-first search
(DFS) to gather subjects that can be covered by these sets
(line 3), since initially beam patterns are often very narrow.
If possible, it adjusts the original narrow beam pattern to
trade its range for beam width, making it possible to conduct
a bearing-wise breadth search for covering more subjects
(line 9). Upon upgrading all sets in U to BC-Sets, the al-
gorithm again proceeds in the greedy DFS manner in the
next stage, aiming to construct new BC-Sets to cover the
remaining subjects (line 6 till the end).

What Algorithm 1 outputs are only (logical) BC-Sets; they
need to be “translated” into (physical) beam patterns. Es-
sentially, the beam patterns should be shaped by both the
distribution of UEs/subjects covered by the BC-Sets and the
capability of the phased array [19]. The procedure of shap-
ing a beam pattern follows two basic principles: i) adopting

7
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wider beams to trade range for width coverage and ii) adjust-
ing the direction of the main beam to balance the coverage
among multiple entities. Since the resulting patterns have
not taken into account the beam nulling requirements (see
Section 3.2), the corresponding beamformers are used as the
initial setting for the problem (3) (hence the LAE) to derive
proper cancellation schemes for individual BC-Sets. Finally,
we analyze the complexity of Algorithm 1 to demonstrate
its efficiency for real-time execution. Let the number of UEs
be 𝐾 and that for range (resp. bearing) bins be 𝐾R (resp. 𝐾D),
the complexity is 𝑂(𝐾𝐾D𝐾R), often up to the scale of several
hundreds only.
We may walk through the algorithm using the BC-Sets

in Figure 10 as examples. During the 1st stage, the three UE
sets (red, green, and blue) are sequentially upgraded to form
BC-Sets by adding in more subjects. Then the remaining
three subjects are covered by two new BC-Sets (yellow and
cyan). While the red and yellow BC-Sets can be covered by
the default (narrow) beam sectors, others should be reshaped:
in particular, both principles apply to the blue one. We also
perform a trace-driven emulation to evaluate the advantages
of BC-Sets. We set 6 UEs and 14 subjects in our experiment,
and randomize their positions in each experiment. We run

Algorithm 1: BC-Sets construction.
Input :X: Range-bearing matrix of all entities

U: Original communication sets for UEs
𝑟 : Adjustable beam width

Output :B: BC-Sets.
1 for𝑈𝑖 ∈ U do
2 C ← beam_pattern_coverage(𝑈𝑖 )
3 𝐵𝑖 ← max_depth_range_search(C,X)
4 𝐵𝑖∪ = breadth_bearing_search(C,X, 𝑟 )
5 B = {𝐵1, · · · , 𝐵𝑖 , · · ·}
6 X̄ ← find_non_selected_subjects(𝐵,X)
7 while X̄ ≠ ∅ do
8 [C, 𝐵]← max_depth_range_search(X̄)
9 𝐵∪ = breadth_bearing_search(C,X, 𝑟 )

10 X̄ ← find_non_selected_subjects(𝐵, X̄)
11 B ∪ = {𝐵}
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(b) Two Tx chains.

Figure 11: Average time spans of round-robin (RR), BC-
Sets (scheduling) and the optimal solution (Opt).

three algorithms each for 100 trials, and show the average
time spans for serving all UEs and subjects in Figure 11.
Apparently, our scheduling requires only half of RR’s time
span and goes close to the optimal solution.

3.4 Exploiting Sensing Diversity
The scheduling algorithm presented in Section 3.3 has ac-
tually implicated two steps. On one hand, this scheduling
takes place not only on the AP side but also on the UE side,
albeit with less powerful beam fine-tuning ability. On the
other hand, whereas covering monostatic sensing subjects
can be determined in a unilateral manner, conducting bistatic
sensing demands collaborative beamforming on both sides,
similar to the default (bistatic) communication scheduling.
As the locations of all subjects are estimated in advance (see
Section 3.1.2), all these can be achieved naturally by Algo-
rithm 1. Therefore, the question now is how to exploit the
sensing diversity introduced by different sensing modalities,
and our answer is the following unified estimation frame-
work at signal processing level.

One of the major reasons that motivates us to consider
full-fledged ISAC is the deficit of multi-static sensing in lack
of synchronizations among different parties [16]. As a re-
sult, multi-static sensing can only be used to sense motion-
induced information that incurs channel variations, whereas
sensing (quasi-)static subjects can be fully achieved by mono-
static sensing: for example, locating a subject can be done
by AP estimating range/bearing and refined by the same
estimations from UEs. Nevertheless, in motion tracking sce-
narios for both micro-motion [15] and macro-motion [23],
joint estimation with diversified sensing results can only
lead to improved accuracy [35]. Instead of dwelling on the
design of estimation algorithms, we simply leverage existing
estimation frameworks for this purpose. On the one hand,
micro-motion estimation is taken care by SAGE [35], which
requires a subject to remain quasi-static. On the other hand,
macro-motion estimation (a.k.a motion tracking) is handled
by the well-known extended Kalman filter [41]. We demon-
strate how sensing diversity helps to improve precision of
subject location estimation (via SAGE) in Figure 12: from
left to right, the “hot spot” shrinks as the number of sens-
ing modalities (hence the amount of beam intersections)
increases, indicating a higher estimation precision.

Figure 12: Improving estimation precision via joint
monostatic and multi-static sensing.
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Figure 13: Part of the implementation and evaluation
setup with mmWave frontend and baseband RFSoC.
4 IMPLEMENTATION
We hereby elaborate on the implementation of Gemini, par-
ticularly explaining how to configure Gemini for carrying
out the design objectives outlined in Section 3. The imple-
mentation follows IEEE 802.11ay standard operating at the
unlicensed 60GHz frequency band, as demonstrated in Fig-
ure 13. We omit the illustration for the UE part, as it involves
similar components but with only one mmWave frontend.
Hardware Platform. Gemini has three hardware compo-

nents: mmWave front-endmodule, baseband processingmod-
ule, and high-performance processor module. For the RF
front-end, Gemini adopts the EVK06003 development kits
from Sivers Wireless [4]; each kit has two 16-element phased
arrays3 The baseband processing and high-performance pro-
cessor modules are both realized upon the Xilinx RFSoC
ZCU208 development board [8]; it offers a multitude of ad-
vanced features and capabilities, including i) AD/DA convert-
ers for baseband sampling with a rate up to 4GHz, ii) DDR
memory providing ample storage space for processed data,
and iii) multi-core ARM processors and high-end Ultrascale
FPGA offering substantial computational power.

Software Components. The software of Gemini is responsi-
ble for a variety of tasks, including beamforming, interfer-
ence cancellation (Section 3.2), beamform scheduling (Sec-
tion 3.3), data streaming to and from a PC controller. We
implement above tasks using Verilog and C/C++, and com-
pile them as a firmware for Xilinx ZYNQ RFSoC. We also
implement a Matlab interface to pull the data from the RF-
SoC into the PC. The sensing algorithms, except for the deep
neural module, are implemented in Matlab.
Deep Neural Network. Our deep neural network is built

upon PyTorch [3] platform using Python 3.7, and anmmWave
radar [2] is adopted to act as both a baseline and ground truth
sensor. We synchronize the clocks of the radar and Gemini
(both driven by a PC) via precision time protocol [21], hence
aligning their starting time to 𝜇s level. The encoder/decoder
of the LAE are actually formed by beamformers, so we only
need to construct 𝑪D(𝑡 ) as a 5-layer perceptron and the dis-
criminator with three CNN layers whose input size (2000×1)
3Since many commercial transceiver chips of mmWave offer separated Tx
and Rx phased arrays [4, 37], Gemini is equipped with two such arrays.

matches the output data of the radar. The batch size is set to
64 for training, and the model is optimized using the Adam
optimizer with a learning rate of 0.001. We further quantize
the neural network weights [46] to control the 4-bit phase
and amplitude via AWV look-up table of mmWave frontend.

5 EXPERIMENT EVALUATIONS
Wenow perform three sets of experiments to verify themajor
functions of Gemini, namely Tx interference cancellation for
monostatic sensing, beam scheduling for joint sensing and
communications, and sensing diversity exploitation. Part
of the experiment setup is depicted in Figure 13, but other
necessary details shall be provided later. Our experiments
have strictly followed the IRB of our institutes.

5.1 Monostatic Sensing
We report the outcome of Tx interference cancellation and
the consequent monostatic sensing performance of Gemini.
The experiments involve range, bearing, and speed estima-
tions of a static or moving object (a metal block held by a
person). The ground truths for range and bearing are mea-
sured by Intel RealSense LiDAR [7], while that for speed is
provided by the TI radar [2]. We adopt absolute error as the
evaluation metric.
5.1.1 Tx Interference Cancellation. We begin by quantifying
the interference cancellation ability at different stages. We
set the Tx power to 40dBm and observe the signal strength
at different stages indicated in Figure 8. The results shown in
Figure 14 confirm that LAE reduces Tx interference by about
39 dB, and deep denoising further suppresses it by 27 dB.
Overall, the total cancellation is approximately 66dB, and
the remaining Tx-interference power goes very close to the
noise floor. Apparently, the monostatic reflection channels
𝑯s(𝑡 ) has been distilled from 𝑯 (𝑡 ) in Eqn. (2).
5.1.2 Range. The ability to ranging is a fundamental and
crucial sensing feature, but it can only be accomplished in the
monostatic mode [16]. We study the ranging performance
with/without Tx interference cancellation, given the subject
staying statically in the range of [1, 5]m with a step size
of 0.5m from Gemini, and Gemini performing ranging via
CIR. We use the TI radar as a baseline by co-locating it with
Gemini. The range errors shown in Figure 15(a) confirm that
Gemini can obtain comparable performance to the radar, but

59.40 60.48 61.56
Frequency (GHz)

0

20

40

60

80

C
al

ib
ra

te
d 

Po
w

er
 (

dB
m

)

Tx interference
With beamforming

Gemini
Noise

Figure 14: Power spectrum of the received baseband
signal after two-stage Tx interference cancellation.
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Figure 15: Monostatic sensing performance. “TI” and “W/o-C” denote the TI mmWave cascaded radar and Gemini
without Tx interference cancellation, respectively. TI disappears from (c) as it is used as the ground truth collector.

much higher median range errors up to 30cm are introduced
without the Tx interference cancellation. The range errors
of both TI radar and Gemini slightly grow as the distance in-
creases, potentially because the adopted beam pattern covers
more background clutters at further distances and multipath
reflections from them affect the ranging accuracy. Moreover,
reflected (sensing) signals attenuate in distance and hence
also result in degraded performance.
5.1.3 Bearing. To study another fundamental sensing func-
tion, we leverage the phased arrays equipped with both Gem-
ini and the TI cascaded radar [2] to estimate object bearing (or
AoA). We let the object stay within a bearing of [−45◦, 45◦]
and vary with a step size of 15◦. As shown in Figure 15(b),
Gemini achieves better performance than that of radar be-
cause Gemini has a much more powerful phased array than
that of radar. Again, Tx interference significantly degrades
the bearing estimation performance if not properly handled.
5.1.4 Speed. The motion sensing is also crucial to the ca-
pability of Gemini, so we conducted tests where the object
moves at a varying speed ranging from 0.5m/s to 3.0m/s
within a 3 × 20m2 corridor. Since the LiDAR cannot monitor
motion, we have to change the role of the TI radar from
baseline to measuring the ground truth. The evaluation re-
sults shown in Figure 15(c) clearly demonstrate that Gemini
achieves a much lower speed estimation error with the en-
hancement offered by the Tx interference cancellation.
Remark: During all above experiments, we have a com-

munication session going on between the AP and UE. Since
monostatic sensing takes place only on the AP side and it
simply piggybacks on the Tx signals, the communication
throughput is not affected at all.

5.2 Beam Scheduling for ISAC
One may expect a full-scale evaluation of our beam schedul-
ing algorithm with many subjects and UEs involved simul-
taneously. Our experimental setup, depicted in Figure 16, is
straightforward, involving one subject and one UE. Specif-
ically, we demonstrate the simultaneous tracking of two
subjects with two UEs in human tracking experiments to
illustrate the potential for involving additional UEs. On one

hand, our scheduling algorithm excels in dispatching BC-
Sets to cover subjects with compatible demands and hence
all BC-Sets (or all subjects covered by a BC-Set) are simi-
larly served by the AP. Consequently, evaluating the per-
formance with one subject is sufficiently representative. On
the other hand, serving multiple UEs bears no difference
from serving one UE, as multiple UEs would inevitably need
to be served by distinct Tx chains or in different time slots
(see the media access described in Section 2.1). Also, due
to the extremely high cost of our high-performance hard-
ware (mmWave frontend [4] each costs over $3300 and RF-
SoC [8] costs $15000), we cannot afford to support a lot of UEs.
Therefore, we believe our evaluation scenario does produce
results with practical significance. In the following, we eval-
uate our scheduling algorithm in three sensing applications,
namely respiration monitoring, point cloud of human pose,
and human tracking, along with a communication session.
We consider three scheduling baselines: sensing only (SO),
communication only (CO) [51], and round-robin (RR), while
also adopting the TI radar as a sensing baseline.

5.2.1 Respiration Monitoring. This experiment takes the
subject’s respiration as the sensing target, aiming to accu-
rately estimate the breath rate. The results plotted in Fig-
ure 17 showcase the obtained throughput against correspond-
ing sensing accuracy. We may observe that, while Gemini
achieves a sensing accuracy almost the same as that for both
SO and TI radar (which is much better than that for CO and
RR), its throughput is only marginally lower than that of
CO (but still much higher than that for SO or RR). In fact,

Gemini

UE

AP

Subject

UE

AP

Subject

UE

AP

Subject

UE

AP

Subject

CO SO RR

Figure 16: An illustration of the experiment setup.
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Figure 17: Scheduling for simultaneous communica-
tions and respiration monitoring.

for continuous yet spatially coarse-grained sensing appli-
cations, Gemini can always obtain nearly perfect sensing
performance and barely sacrifice throughput.

5.2.2 Point Cloud. Different from continuous sensing ap-
plication in Section 5.2.1, point cloud is a one-shot sensing
application (e.g., 1 s duration in our experiment). In such
applications, a much narrower beam is required to gener-
ate dense point cloud, yet Gemini still needs to maintain its
beam schedules. Our solution is to have asymmetric Tx and
Rx beam patterns for the AP: while the Tx one is designed
to match that determined by the corresponding BC-Set, the
Rx chain tunes its beam to the finest 1.5◦ beamwidth and
quickly switches to distinct azimuth and elevation angles for
“scanning” the subject under the BC-Set coverage. Accord-
ing to the reflection power at different angle pairs, we set
a threshold to filter out reflection signals with very lower
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(a) Throughput. (b) Gemini.
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(e) Round-robin (RR). (f) TI radar.

Figure 18: Scheduling for simultaneous communica-
tions and point cloud generation (of a human figure).

power, and map the residue signals from polar coordinates
to Cartesian coordinates so as to generate point cloud [18].

We test Gemini and the baselines in sequence and report
the results in Figure 18: while throughput is statistics from
all trials, the one-shot point cloud results are arbitrarily cho-
sen examples (a human figure) for demonstration purpose
only. Results in Figure 18(a) suggest that the throughput
gap between Gemini and CO gets slightly wider, but Gemini
still outperforms other two baselines: to generate 3D point
cloud, Gemini has to temporarily sacrifice a bit through-
put to capture fine-grained reflection signals. Though SO
in Figure 18(c) performs marginally better than Gemini in
Figure 18(b), the main beam of SO has to solely target the
subject, hence resulting in the lowest throughput. RR sits
in the middle of CO and SO for both throughput and point
cloud performance shown in Figure 18(a) and Figure 18(e),
due to its time-division nature. Finally, the TI cascaded radar
with a number of antennas (12 Tx × 16 Rx) also performs
poorly with its lower bearing resolution than Sivers’ phased
array antennas [49] illustrated in Figure 18(f).
5.2.3 Human Movement. We captured the human move-
ments in a room approximately 21×18 feet, slightly larger
than a typical US family room, accommodating scenarios
with larger movements involving multiple UEs and several
subjects. Human subjects follow the predefined pathsmarked
on the floor, specifically ’Rectangular’ and ’Straight Line’ tra-
jectories as depicted in Figure 19. Throughput and tracking
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Figure 19: Scheduling for simultaneous communi-
cations and human movement tracking in the test
area. Orange lines show the ground truth—predefined
paths—while blue points display tracking results.
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performance are depicted in Figure 19. As for the sensing
performance shown in Figures 19(c) to 19(g), human move-
ment exhibits a similar performance ranking as static point
cloud generation, as it is also about producing point cloud
but in both temporal and spatial dimensions. For the case
involving multiple human subjects and UEs as shown in
Figure 19(h), we placed two frontends as UEs to receive the
data from the AP, with each subject following one of the two
predefined paths. Despite the slight decreases in throughput
and tracking accuracy observed with two UEs tracking two
targets (MT), Gemini still outperforms baselines with only
one UE and one target. It is attributed to our beam scheduling
algorithm, which effectively balances communication and
sensing tasks.
In fact, the idea of ISAC is not meant to benefit any spe-

cific applications; it is basically striking a balance between
sensing and communication, at the benefit of having them
co-existing in one hardware. Meanwhile, Gemini, with its in-
novative scheduling driven by BC-Set, is superior to existing
mmWave-ISAC solutions, as it is demonstrated by our inten-
sive experiments to have obtained performance very close
to either SO (for sensing) or CO (for communications), given
that both sensing and communication functions co-exist in
one hardware and operate simultaneously.

5.3 Sensing Diversity
We hereby revisit the point cloud application to evaluate
our unified estimation framework explained Section 3.4 for
fusing multiple sensing modalities. Basically, we start from
the APmonostatic sensing already shown in Figure 18(b) and
gradually fuse in more UE (multi-static) sensing results. As
expected, the density of the point cloud increases positively
with the number of UEs from Figures 20(a) to 20(d), while
the 3D point scattering getting quickly shrunk, rendering
the overall human figure clearer step-by-step.

(a) One UE. (b) Two UEs

(c) Three UEs (d) Four UEs

Figure 20: Sensing diversity with different UEs may
substantially enhance the point cloud quality.

6 RELATEDWORKS AND DISCUSSIONS
This section focuses on three main streams of related works,
namelymmWave platforms, ISAC, and full duplex radio (FDR),
with brief discussions on limitations of Gemini.

mmWave Platforms. Earlier mmWave platforms [40, 53]
only offer a relatively wide bandwidth, yet their phased ar-
rays cannot be precisely controlled for fast alignment, thus
not exactly meeting the requirements of IEEE 802.11ad [6].
M-Cube [55] utilizes a commodity 802.11ad RF front-end
with phased array antennas, but it was soon superseded by
mmFlex [26] adopting similar mmWave front-end as Gemini
to also match the more advanced standard of 802.11ay.

ISAC. Though theoretical works studying mmWave ISAC
for 5/6G cellular network scenarios are plentiful [30, 54], they
only focus on waveform design without providing useful
guidelines for system developments. For ISAC on mmWave
band, a couple of proposals [36, 51] have leveraged existing
communication traffic to enable only multi-static sensing
confined to subjects compatiblewith existing communication
beam patterns. Though a monostatic sensing solution has
been mentioned in [20? ], it is far from fully integration into
existing communication devices.
Nulling and FDR. Existing proposals on nulling for com-

munications [33, 39, 43] are only marginally related and
hence omitted from our discussions. Certain Wi-Fi sensing
developments [13, 24] have gone very close to FDR [14], as
they adopt either nulling or FDR to cancel Tx interference for
motion sensing. However, as pointed out by [16], monostatic
sensing for ISAC is fundamentally different from FDR.

Gemini. Gemini cannot leverage FDR-like technologies to
extract monostatic sensing signals (explained in Section 3.2),
so we exploit a hybrid (hardware-software) deep learning
model to remove Tx interference. We also innovate in de-
signing a beam scheduling for ISAC (see Section 3.3), and
fusing multiple sensing modalities for improving estimation
precision (see Section 3.4). In the meantime, we are consid-
ering fusing sub-6GHz Wi-Fi and mmWave to enhance the
capability of ISAC, as it has been done for communication
only [45]. Also, endowing Wi-Fi with sensing capability may
cause unexpected information leakage [28], which can be ex-
acerbated by the powerful mmWave-ISAC, so security issue
should be part of our future work.

7 CONCLUSION
In this paper, we have proposed, designed and implemented
Gemini, a full-fledge mmWave ISAC system. We have first
given three concrete analyses tomotivate our design. thenwe
have elaborated all key components for Gemini, namely i) Tx
interference cancellation driven by deep learning to enable
monostatic sensing, ii) beam scheduling algorithm for jointly
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optimizing sensing accuracy and communication through-
put, and iii) a unified estimation framework for exploiting
diversified sensing modalities. Finally, we have conducted
extensive experiments to evaluate the performance of Gem-
ini; our results have strongly demonstrated advantages of
Gemini in actually taking care of both communication and
sensing under its ISAC framework.We believe that our initial
trials in realizing Gemini signify a pivotal step towards more
practical mmWave ISAC systems.
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