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ABSTRACT
Age verification is becoming a condition of access to social
media, online games, and e-commerce, as COPPA, GDPR-
K, and newer child-safety laws regulate how services treat
minors, from the collection of their data to restricted con-
tent and contact with adults. However, current methods run
out-of-band: the user leaves the application workflow to
film their face or photograph an identity document. The ser-
vice receives more than it needs: the decision uses one bit,
whether the user meets the legal age threshold. Verifiable
credentials disclose less, but a minor can pass with an adult’s
credential or unlocked device. We propose, to the best of our
knowledge, the first architecture for age verification from
Wi-Fi sensing. The user holds a hand near the device’s Wi-
Fi antenna, and the system derives the age predicate from
the resulting Channel State Information (CSI). It returns a
signed, attested verdict through a predicate-only interface;
raw CSI and intermediate representations stay inside a pro-
tected trust boundary. Sensing binds the verdict to the body
present at each gated action, within the application workflow,
and placing the check in the operating system (OS) gives
all applications one system call behind that boundary. We
evaluate the sensing step on COTS Wi-Fi 6 chipsets, which
expose CSI through vendor interfaces, with 113 participants
(95 children and 18 adults) in one controlled environment.
Under leave-one-subject-out evaluation, an SVM separates
the two cohorts with a macro F1-score of 85.38% and a child
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recall of 91.58%, which shows that near-field CSI carries an
age-class signal for cohorts far apart in age. These results
open three research questions: accuracy at legal thresholds,
the physical source of the separation, and generalization
across sessions, environments, and devices. Until the first
is answered, the verdict includes an uncertain value that
routes low-confidence cases to conventional checks. We out-
line a networking research agenda around these questions,
including whether IEEE 802.11bf sensing reports preserve
the signal.
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1 INTRODUCTION
Age verification is becoming a condition of access to social
media, online games, and e-commerce. For example, the game
platform Roblox has required a facial age check for chat from
users of all ages since January 2026, and it uses the result
to limit contact between adults and children [48]. Services
that can harm minors, such as gambling and adult content,
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Figure 1: Disclosure in age verification: (a) current
methods send the evidence to the application; (b) the
proposed design sends the application the verdict
alone.

go further and admit adults only (e.g., betting platforms in
Brazil [42]). In both cases, one decision about the person
at the device, whether that person meets an age threshold,
protects a minor from contact with an adult or from a harm-
ful service. COPPA in the United States [21] and Article 8
of the GDPR (GDPR-K) [19] regulate the collection of chil-
dren’s data, and newer child-safety rules govern restricted
content and contact with adults [16, 17, 45]. However, cur-
rent methods run out-of-band (Figure 1a). The user leaves
the application workflow to film their face or photograph an
identity document [13, 38, 50], typically once at enrollment.
The service receives more than it needs: a face, a document,
or financial data [3]. The decision itself should use one bit,
whether the user meets the legal age threshold.

Verifiable credentials and platform age signals disclose less.
A zero-knowledge age credential can release one bit [18],
and Apple and Google return an age range to applications [2,
25]. However, both establish the age fact once, at credential
issuance or account setup, and bind the check to the holder,
so a minor can pass with an adult’s credential or unlocked
device. Age verification at the gated action requires evidence
from the person who uses the device.
We argue that an age-verification primitive should be

(1) contactless inside the application workflow, (2) privacy-
preserving, with a yes/no answer as its only output, (3) re-
evaluable at each gated action, (4) physically bound to the
person at the device, and (5) tamper-evident, through an at-
tested, signed verdict, because the user controls the device.
When assessed against these five properties, each deployed
method we survey meets a subset of them.
Wi-Fi Channel State Information (CSI) carries a measur-

able, person-specific imprint of the human body [9, 39, 57].
For about a decade, CSI-based systems have estimated body
composition [56] and identified people [6, 14, 52, 59, 64].
Our design inverts the identification objective and treats the
spectral structure that identifies a person as the quantity to
suppress. Our insight is that a hand held a few centimeters
from a Wi-Fi antenna dominates the static channel response,
so a short capture reflects the structure of the body present.

This raises a question for the networking community: can
Wi-Fi sensing support an age-verification primitive with these
five properties and keep the biometric signal inside the device?

We propose, to the best of our knowledge, the first archi-
tecture for age verification from Wi-Fi sensing (Figure 1b).
The user holds a hand near the device’s Wi-Fi antenna, and
the system derives the age predicate from the resulting CSI.
It returns a signed, attested verdict through a predicate-only
interface, and raw CSI and intermediate representations stay
inside a protected trust boundary. Placing the check in the
operating system gives all applications one system call be-
hind that boundary, where the system enforces attestation
and limits queries to a fixed set of thresholds, which blocks
recovery of the exact age through repeated queries. Applica-
tions invoke the check at each gated action, so the verdict
binds to the body present at that moment.

We evaluate the sensing step on commercial off-the-shelf
(COTS) Wi-Fi 6 chipsets, which expose CSI through vendor
interfaces, with 113 participants (95 elementary school chil-
dren and 18 adults) in one controlled environment. Under
leave-one-subject-out evaluation, an SVM separates the chil-
dren from the adults with a macro F1-score of 85.38% and a
child recall of 91.58%, which shows that near-field CSI carries
an age-class signal for cohorts far apart in age. These results
open three research questions: accuracy at legal thresholds,
the physical source of the separation, and generalization
across sessions, environments, and devices. Until the first is
answered, the verdict includes an uncertain value that routes
low-confidence cases, such as a 12-year-old near a threshold
of 13, to a conventional check.
This paper makes three contributions. First, it proposes

an architecture in which the operating system is a declassifi-
cation point for a sensing-derived legal predicate. Prior OS
sensing services share context data with applications [12, 22].
Second, it instantiates the architecture as a CSI-backed age
check and identifies its trust, policy, and protocol boundaries.
Third, it reports preliminary subject-grouped evidence for
two cohorts far apart in age and derives a networking re-
search agenda for the three questions, including whether
IEEE 802.11bf sensing reports preserve the signal.

2 BACKGROUND
We review age-verification methods, motivate the use of Wi-
Fi CSI, and discuss related work on sensing and OS interfaces.

2.1 Age Verification Methods
We assess deployed methods against the five properties of
Section 1: contactless, privacy-preserving, re-evaluable, physi-
cally bound, and tamper-evident.

Self-declaration through a birthdate field or checkbox has
low invasiveness and low friction. Its claim is detached from
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the present user, so circumvention is straightforward, and
the check happens once, at enrollment [21]. Facial age es-
timation [54] is contactless and convenient and captures
a biometric. Reported mean absolute errors of 5 to 6 years
complicate decisions near an adult/minor boundary [44], and
photos or AI-altered selfies enable presentation attacks [53].
Identity-document upload [31] exposes government-issued
data and creates a standing breach risk [32]. Borrowed or
stolen documentsweaken the binding to the present user, and
verification generally occurs once, at enrollment. Credit-card
checks [21] expose financial data unrelated to age and fail
when a minor can use a parent’s card [41]. Parental consent
through “email-plus” adds friction and permits self-approval
by a child with a second address, a weakness identified by
the FTC [20].
Verifiable digital credentials [1, 18, 26] provide low-

disclosure, cryptographically protected, and repeatable
proofs. Their open problem is presence binding: a credential
attests to its holder, device-bound presentation may require
another biometric prompt [3], and an adult may authenticate
before handing over the device. FIDO-AC combines FIDO2
with a zero-knowledge attribute proof and requires a live-
ness check that keeps the attribute bound to its holder [61].
A sensing-based presence signal could fill this role. Platform
age signals return an age range from a declaration or cre-
dential tied to the account at setup [2, 25], and California
AB 1043 requires operating system providers to supply such
a signal to developers from 2027 [7]. On-device biometrics
such as fingerprint readers bind to the person present and
attest identity. Reporting age from a fingerprint requires a
backing identity record, which reintroduces the disclosure
that a predicate interface removes.

Position of the proposal. A sensed predicate offers presence
binding, contactless operation, and re-evaluation at each
gated action. Its accuracy at legal thresholds remains to be
demonstrated. It requires cooperative hand placement, de-
pends on attestation and on chipset access to CSI, and faces
presentation attacks like every biometric. Verifiable creden-
tials are more mature and exact. We therefore position the
sensed predicate as a complement to established checks.

2.2 Why Wi-Fi CSI?
Wi-Fi is deployed across personal devices, homes, work-
places, and vehicles. COTS chipsets expose CSI through ven-
dor interfaces today, and IEEE 802.11bf makes WLAN sens-
ing part of the standard [49], which opens a path to uniform
access across vendors.
We build on CSI. The CSI matrix 𝐻 captures the CFR

that environmental absorption, refraction, and multipath
reflection produce [11], and it decomposes into static and
dynamic components: 𝐻 (𝑘, 𝑡) = 𝐻𝑠 (𝑘) + 𝐻𝑑 (𝑘, 𝑡).

MostWi-Fi sensing readsmotion from the dynamic compo-
nent: gait [64], respiration and heartbeat [36], gestures [37],
and daily activity [52]. Our approach to age verification uses
the static component, which carries the response of a body
at rest. The user holds a hand still in the sensing zone.
The static channel mixes the response of the body with

reflections from walls, furniture, and fixed clutter, where the
body is one scatterer among many. Proximity increases its
relative contribution. The near field is the region within a
wavelength-scale distance of the antenna (𝜆≈6 cm at 5 GHz),
where the far-field path-loss model stops applying [23]. Re-
flected strength falls sharply with path length [23, 47], so a
hand a few centimeters from the antenna can dominate the
measured static response. We call this regime static near-field
domination. Prior near-field sensing uses motion to isolate a
subject [29, 30].
Wi-Fi CSI offers three advantages: deployment on Wi-

Fi hardware already present in many devices; contactless,
motion-free operation that needs only cooperative hand
placement in the sensing zone; and measurement of the body
present, which raises the cost of remote reuse relative to doc-
uments, passwords, and stored images. The second supports
the contactless property, and the third supports the physically
bound and re-evaluable properties. Privacy and tamper evi-
dence depend on the architecture that handles the signal and
attests its verdict (Sections 3 and 3.1). Generalization across
sessions, environments, and devices [6, 11, 57] remains open
(Section 6).

2.3 Related Work
Operating systems and middleware have offered sensing as
a service for more than a decade. CondOS moves the con-
version of raw sensor data into context units into the OS
and offers applications a higher-level interface [12]. Smart-
phone frameworks add privacy-aware sensor management
and policy [60], and context-awareness middleware gives
applications shared sensing abstractions over specific hard-
ware [4, 22]. Recognizers [33] and Darkly [34] restrict per-
ceptual applications to recognized objects or transformed
camera input. These systems release context or derived fea-
tures to applications. Our abstraction declassifies one legal
predicate and releases that predicate alone. The closest OS
precedent for the interface is the biometric API, which re-
turns an authentication result and keeps the template in a
TEE [5, 63]. In Wi-Fi sensing, DeepCPD separates children
from adults in a car cabin from motion and breathing fea-
tures of CSI [35]. The contribution is the combination: a
sensed attribute, bound to the person present and exposed
as a signed, predicate-only OS primitive.
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3 A CSI AGE PREDICATE AS AN OS
PRIMITIVE

We sketch a preliminary design from the physical channel to
the application layer. For a user U and jurisdictional thresh-
old𝜃 , the design evaluates the predicate 𝑃𝜃 (U) = [age(U) ≥
𝜃 ]. The system returns adult,minor, or uncertain, and returns
adult only when the confidence score meets a minimum
threshold 𝜀𝑡ℎ . A deployment sets 𝜀𝑡ℎ on a held-out, subject-
grouped calibration set to bound the child-to-adult error, as
deployed biometrics fix an operating threshold for a target
false-accept rate [27, 58]. The threshold requires only that
the score rank subjects by confidence.
Regulations define age thresholds: COPPA uses 13

years [21]; GDPR Article 8 uses 16, with national floors down
to 13 [19]; and other jurisdictions set thresholds for social-
media access or restricted content [16, 45]. The application
therefore needs a binary answer for a jurisdiction-selected 𝜃 ,
commonly 13, 16, or 18. A finer age estimate adds disclosure
beyond what the decision uses.
Borderline ages. Our evidence covers cohorts far apart

in age, and the separation of adjacent ages, such as 12 and
13, is untested. Deployed age-estimation services handle this
case with a guard band: they add a buffer age and send users
estimated near the legal age to another check [62]. We adopt
the same pattern. Errors are asymmetric, so the policy favors
the minor verdict and accepts extra fallbacks in exchange
for fewer minors admitted. Uncertain and minor verdicts
route to a conventional method, such as a credential, a zero-
knowledge proof, or a document. We propose to report the
deflection rate, the share of users that the predicate resolves at
a target child-to-adult error. Its estimation requires subjects
near the thresholds (Section 6).

Figure 2 traces the information flow across five stages.
Stage 1: Physical Environment. A person U places a

hand within centimeters of a Wi-Fi receiver, inside its near-
field zone (Section 2.2). The access point emits Null Data
Packets (NDPs) [49]. The body is a passive scatterer that
perturbs the received amplitude and phase, so the perturbed
channel S′ contains body-derived information [9].
Stage 2: PHY Layer (IEEE 802.11). The PHY estimates

the channel frequency response per antenna pair, and the
output is the raw CSI Craw.

Stage 3: MAC Layer (IEEE 802.11bf). The MAC runs the
standardized WLAN sensing procedure: it negotiates parame-
ters, exchanges NDPA/NDP sounding frames, and packages
the measurements into a sensing report frame Fmac, which
quantizes the in-phase and quadrature components to 8 or
10 bits and may group subcarriers [49]. Identity-bearing CSI
first becomes transportable here, so the MAC layer is the ear-
liest point for confidentiality protection and representation
shaping (Section 6).

Stage 4: OS Mediation and Protected Inference (trust
boundary). This stage is our main contribution. The Wi-Fi
driver extracts the sensing report Fmac and hands it to a pro-
tected component (a TEE or protected VM) behind the kernel
interface. The component preprocesses the signal into C̃, ex-
tracts a feature vector F , and infers (𝑎𝑔𝑒_𝑐𝑙𝑎𝑠𝑠, 𝑐𝑜𝑛𝑓 𝑖𝑑𝑒𝑛𝑐𝑒)
against threshold 𝜃 . The kernel owns the driver and medi-
ates the interface, and hardware attestation establishes its
integrity (Section 3.1). Confidence below 𝜀𝑡ℎ yields uncer-
tain, which the system denies by default (fail-closed) and
the application routes to a fallback check (Borderline ages).
The representations Craw, C̃, F stay inside the trust bound-
ary, and the verdict alone crosses it, which implements the
GDPR principle of data minimization [24]. The path from the
driver to the protected component requires an authenticated
channel, which remains open (Section 3.1).
Stage 5: Userspace (Application). The verdict reaches

userspace through a single system call (verify_age()) that
returns a signed token over a relying-party nonce, the thresh-
old 𝜃 , the result, a timestamp, and the model hash. This call is
the entire public surface of the primitive. CSI, the sensing pro-
cedure, and the model stay hidden, as in minimal-disclosure
age statements [38, 63]. A cached “verified” state would let
a shared or borrowed device pass a one-time gate, so the
application re-invokes the call at each gated action [38].
Threat model and trusted computing base. Applica-

tions and remote services are untrusted. The kernel is attack-
able, because an attacker can recompile it or load modules.
The trusted computing base is the hardware root of trust
(TPM or TEE), the firmware it measures, and the model-
distribution path, and each verdict carries evidence of that
measured state (Section 3.1). The public interface exposes a
fixed set of jurisdiction-approved predicates, requires autho-
rization, and rate-limits queries to block threshold enumera-
tion and repeated measurement.
Five attack classes remain open. First, the call attests the

presence of a body above the threshold. Binding that body
to the logged-in account requires a separate mechanism. A
cooperating adult who places a hand for a minor therefore
satisfies the check, and re-invocation at the gated action
raises the cost from a single favor to sustained presence. Sec-
ond, a physical proxy with similar geometry and dielectric
response may reproduce an adult signature, and liveness
requires evidence beyond a static signature. Every deployed
biometric faces this presentation-attack problem (silicone
fingerprints, deepfakes, masks), and platform certification
reports a spoof acceptance rate for it [46]. We adopt that met-
ric and treat the cost and reliability of such proxies as part of
the security margin to be measured. Third, the privacy objec-
tive requires limited linkability among subjects in the same
age class. Prior work recovers identity from related spectral
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Figure 2: Information flow of the CSI-backed age check as an OS primitive.

structure [9], so a privacy claim requires a measurement
of within-class re-identification. Fourth, a modified operat-
ing system could return any verdict; attestation makes the
modification detectable to a relying party. Fifth, a tampered
router or Wi-Fi device that injects or replays CSI could feed
a forged channel, and injection has defeated CSI-based live-
ness detectors [28]. Candidate defenses are sensing with the
device’s own radio, an authenticated sounding peer, and un-
predictable sounding patterns; their support in IEEE 802.11bf
is an open question.

3.1 Attestation and Signed Verdicts
A verdict is as trustworthy as the platform that produced it,
so we combine four mechanisms. (i) Measured boot: Secure
Boot and a TPM measure the kernel, the sensing driver, and
the model hash, and the device can prove these measure-
ments to a relying party. (ii) Protected inference: inference in
a TEE or protected VM places a compromised kernel outside
the trusted base for the model and its inputs. (iii) FIDO-style
signed verdicts: at registration the device creates a per-site
key whose attestation binds it to the measured state, and the
device signs each verdict over a fresh relying-party nonce
for replay resistance, as in the signing-and-attestation use of
Android fingerprint APIs [5]. Batch or anonymous attesta-
tion limits the linkability of the device across relying parties.
(iv) Zero-knowledge proofs can hide the identity of the device
inside the attestation [61]. Extending the chain below the
kernel requires three steps: the sounding peer authenticates
its sounding frames and attests its firmware, the NIC delivers
the sensing report over an authenticated channel into the
protected component, and that component alone signs the

verdict. Each stage then vouches for the one before it. Attes-
tation proves which software ran, and the spoof acceptance
rate measures exposure to physical proxies, as in platform
certification [46]. Attestation is the condition for a guarantee
stronger than the methods of Section 2.1: it makes an altered
stack detectable.

Deployment options. The signer can sit in a host TEE, as
above; in the Wi-Fi chipset, which keeps CSI on the chip and
signs with an attested on-chip key; or in a USB token, like
a FIDO security key, that carries the radios, the model, and
the key while the host relays the verdict. A remote server
verifies each verdict without trusting the host OS: it checks
the signature over its nonce and the attestation chain of the
key to the hardware vendor, as WebAuthn does for FIDO
authenticators [55]. A compromised host can drop a verdict;
forging one requires the key or, for a host TEE, a breach of the
authenticated channel from the NIC. Browsers can expose
the call to web applications through a permission-gated API
on the same model.

4 PRELIMINARY RESULTS
Developmental changes in skeletal maturation, bone miner-
alization, and tissue dielectric composition suggest a phys-
ical basis for an age-related near-field response, because
these properties affect how the body perturbs an incident
electromagnetic field. Hand-wrist radiographs estimate bi-
ological age from an age-ordered sequence of skeletal mat-
uration [10]; hand bone mineral density rises toward an
early-adulthood peak and then declines [40]; and childhood
body-water composition changes with age and affects tissue
permittivity and conductivity at radio frequencies [43].
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4.1 Experimental Setup
We collected near-field CSI from 113 subjects (95 elementary
school children and 18 teachers) in one controlled environ-
ment. The setup is bistatic: two separate COTS ESP32-C5
boards are the sensing transmitter (an access point) and the
receiver, which reports CSI through the vendor interface, un-
der IEEE 802.11ax (Wi-Fi 6) at 5 GHz with a 20MHz channel
bandwidth and 1m between transmitter and receiver. Each
participant held the right hand 2 to 5 cm from the receiver’s
antenna, within its near-field zone, for one ten-second cap-
ture at a 100Hz packet rate.
The analysis uses CSI amplitude. Preprocessing isolates

the quasi-static response through per-subcarrier outlier re-
jection, zero-phase low-pass filtering, and per-packet Z-score
normalization; normalization removes AGC gain fluctuation
and keeps the spectral shape across subcarriers. Each sub-
ject yields one 228-dimensional median profile. We excluded
phase given its sensitivity to residual synchronization offsets.

4.2 Can CSI separate children from adults?
At an imbalance of about 5:1, plain accuracy misleads, so
we report macro precision, recall (equivalently, balanced
accuracy), and F1-score, plus child recall, whose complement
is the safety-critical error for an age gate: a child predicted as
an adult. We use two subject-grouped protocols. Leave-one-
subject-out (LOSO) suits shallow models that see one profile
per subject; for a window-level network it would require 113
retrainings, so we use grouped 5-fold for that network.
Table 1 reports the best architecture under each proto-

col. Under LOSO, the SVM reaches a macro F1-score of
85.38%; its child recall of 91.58% corresponds to an 8.42%
child-to-adult error rate. Separation from a single median
profile shows that the median amplitude spectrum carries
cohort-discriminative information. Under grouped 5-fold, the
window-level 1D-CNN reaches a macro F1-score of 82.02%,
with macro precision of 78.12% and macro recall of 92.63%.
It identifies every adult in this cohort and reaches a child
recall of 85.26%. The two protocols preclude a direct model
ranking.

Three caveats bound the claim. First, physical build varies
together with age in the two cohorts, so the experiment es-
tablishes cohort separation and leaves the contributions of
developmental maturity and physical build unresolved. Iso-
lating an age-related contribution requires a cohort in which
age varies independently of build (Section 6). The thresholds
of 13, 16, and 18 fall where physical build overlaps across the
boundary, so the region of greatest legal significance coin-
cides with the region of weakest contrast in build. Second,
the adults are 18 teachers from one school, and all captures
come from one room, one device pair, and one session per

Table 1: Best architecture per subject-grouped protocol,
by macro F1-score.

Model Protocol Precision Recall F1-score Child recall Adult recall

SVM LOSO 82.21% 90.23% 85.38% 91.58% 88.89%
1D-CNN grouped 5-fold 78.12% 92.63% 82.02% 85.26% 100.00%

subject, so we read the numbers as evidence that the sig-
nal exists for cohorts far apart in age, and the operating
point remains uncalibrated. Third, the numbers hold under
subject-grouped splits; a split that places windows of one
subject in both training and test raises the macro F1 of the
window-level model by about eight points.

5 DISCUSSION
The architecture applies the decoupling principle [51] to age
verification: the application learns whether the user meets
the threshold, and the body-derived signal stays inside the
trust boundary. The OS adds two guarantees to this one-bit
release: attestation of the stack that computed the verdict,
and query limits that block recovery of the exact age through
repeated queries. The sensing report carries identity-bearing
structure until it reaches the protected component, and its
within-class re-identification and cross-session linkability
remain to be measured (Section 6).
Our results support a triage role for the predicate under

the fallback policy of Section 3: it resolves clear cases, and
uncertain or minor verdicts route to a check backed by an
issued birth date. The case for sensing rests on three claims,
each falsifiable by one of the experiments proposed in the
future directions (Section 6): the signal tracks age beyond
physical build (Section 4), which a broad cohort of small
adults and large adolescents tests; it persists across days,
rooms, and devices; and it resists cheap, reusable proxies,
such as a water-filled phantom hand. If the first claim fails,
simpler cues of build, such as touch contact area, deliver the
same verdict. If the third fails, sensing loses presence binding,
its advantage over credentials.
The architecture extends beyond age. Only the classifier

in Stage 4 is specific to age; the trust boundary, the signed
verdict, and the query limits apply to any sensed predicate.
Proximal or ambient sensing may support policy predicates,
such as presence, occupancy, or liveness, with the minimal
disclosure that anonymous credentials provide [8].

6 FUTURE DIRECTIONS
The results open three questions, and the architecture raises
three more.
Accuracy at legal thresholds. The next experiment re-

cruits subjects near 13, 16, and 18 and reports accuracy by
age year under subject-grouped evaluation. It calibrates 𝜀𝑡ℎ
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to a target child-to-adult error and reports the resulting de-
flection rate, the share of users that the predicate resolves
before the fallback of Section 3.
Physical source of the separation. Our captures mea-

sure the combined perturbation of the hand and the rest of
the body, and in our cohorts physical build varies together
with age (Section 4.2). A cohort of small adults and large ado-
lescents, in which age varies independently of build, tests
whether the separation persists, and captures that interleave
both cohorts in the same sessions control for acquisition drift.
Our evidence rests on the static component of the CFR, and
most sensing work studies motion-driven dynamic signals.
The contribution of each component to age inference, and
their complementarity, are open.

Generalizing across sessions, environments, and de-
vices. Each subject contributed one ten-second session,
so stability across days is untested; repeated captures of
the same subjects measure it. The surroundings shape CSI
through multipath, scattering, attenuation, and interference,
so a model may learn environmental structure together with
body-derived structure. Devices add variation: subcarrier
count varies with bandwidth and subcarrier spacing across
Wi-Fi generations (20 to 320MHz from Wi-Fi 4 to 7), so fea-
ture vectors from different devices may differ in dimension-
ality. Operation across settings therefore requires separating
the body-derived signal from environmental artifacts, and
architectures that ingest variable-width spectral input from
any device with one trained model. Cross-domain methods
(domain-invariant features, virtual sample generation, trans-
fer and few-shot learning [6, 11]) are candidates. Drift is
also a security signal: a drifting input lowers confidence and
yields an uncertain verdict with fallback [15]. Fusion with
dynamic CFR, multi-band sounding, or non-RF cues such as
touch contact area may improve generalization; its effect is
an open empirical question.

Limiting identity leakage and retaining the age pred-
icate. Stage 4 keeps raw and derived representations in-
side the trust boundary. A further step shapes the repre-
sentation at the MAC layer, where CSI first becomes trans-
portable (Stage 3), so that it preserves the age class and lim-
its what it reveals about identity within that class. Related
spectral structure supports person re-identification [9], so
the achievable trade-off is an empirical question. Evaluation
should report predicate utility, within-class re-identification,
and cross-session linkability. Aggregation, quantization, cal-
ibrated noise, or learned feature suppression may limit what
an authorized recipient learns, and authenticated encryption
protects the report from other parties in transit or storage;
characterizing both and standardizing a sensing represen-
tation are candidate extensions to IEEE 802.11bf. The same
discipline applies to the model-building pipeline, which calls

for governed recruitment, retention limits, and on-device or
federated extraction.

Presentation attacks and the sensing path.Open work
includes measuring the spoof acceptance rate against physi-
cal proxies, for example gel or water-filled phantoms, and
against injected CSI [28], and evaluating the defenses of
Section 3 (the device’s own radio, an authenticated sound-
ing peer, unpredictable sounding) and their support in
IEEE 802.11bf. Dynamic CFR (pulse, tremor) may add a live-
ness cue to the same capture. The goal is a measured spoof
acceptance rate comparable across modalities.
Maturing alongside the standard. IEEE 802.11bf stan-

dardizes WLAN sensing, and our bistatic geometry maps
onto its sensing procedure [49]. The open question is fidelity.
To bound overhead, the standard quantizes measurements
and reports a fraction of the subcarriers, which is the struc-
ture our check reads. Support for a sense-and-decide-locally
mode, in which the report stays on the device, will deter-
mine whether the primitive can run on the standardized
procedure.
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