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Abstract—Wi-Fi sensing on resource-constrained platforms
calls for efficient and tiny neural networks, yet CSI pipelines face
a recurring trade-off between preserving the full multi-antenna
CSI tensor and compressing the input by simple heuristics. We
propose ST-CA2 (SpatioTemporal Channel–Antenna Attention),
a lightweight input refinement module that performs subcarrier-
wise channel attention and antenna-pair-wise attention to output
a compact C-by-T representation. Under a fixed downstream
recognizer and in a door-opening person-identification setting,
ST-CA2 achieves 99.20% OA with 6.208 GFLOPs and 2.006
GB peak GPU memory, compared with 97.20% OA with 53.232
GFLOPs and 8.601 GB for full-input. These results indicate a
favorable accuracy–efficiency trade-off for compact CSI input
refinement in the studied setting. We also provide analyses under
signal-plus-noise assumptions and evaluate temporal statistical
priors (GTA, variance, and RMS) for weight generation.

Index Terms—TinyML, efficient and tiny neural networks, Wi-
Fi sensing, CSI, input refinement, attention, subcarrier reweight-
ing, antenna-pair fusion

I. INTRODUCTION

Wi-Fi sensing provides a non-intrusive alternative for
human-centric recognition in smart environments. Among
wireless modalities, Channel State Information (CSI) offers
fine-grained measurements at the subcarrier level in MIMO-
OFDM systems, enabling a wide range of recognition tasks,
including activity recognition and person identification [1],
[2]. However, practical CSI pipelines are often challenged
by the high dimensionality and strong redundancy of CSI
acquired across multiple antenna pairs and subcarriers, as
well as noise and multipath-induced distortions. These factors
complicate direct full-input learning and motivate principled
input refinement methods.

In many deployments, CSI sensing models are expected
to run under strict memory/latency constraints. Even when
the downstream recognizer is compact, the CSI input and
its preprocessing can dominate computation and memory,
limiting the use of efficient and tiny neural networks. From
the perspective of input usage, existing CSI-based recognition
pipelines can be grouped into two categories:

1) Full-input usage: the full CSI tensor is fed into
the downstream recognizer. This preserves information
but incurs redundancy, noise propagation, and com-
pute/memory overhead that scales with the number of
antenna pairs and subcarriers.

2) Input compression: the CSI input is reduced before
learning, e.g., by arithmetic averaging across antenna

pairs or random selection. These heuristics improve
efficiency but can discard discriminative components.

To bridge this tension, we propose ST-CA2 (SpatioTemporal
Channel–Antenna Attention), a lightweight input refinement
module that sequentially applies subcarrier-wise channel at-
tention (CA) and antenna-pair-wise attention (AA). CA gen-
erates subcarrier weights from temporal statistical priors, while
AA performs quality-aware antenna-pair fusion to reduce the
antenna-pair dimension.

The contributions of this paper are summarized as follows:

• We propose ST-CA2, a two-stage attention module for
subcarrier reweighting and antenna-pair fusion, yielding
a compact C×T representation from an A×C×T CSI
tensor.

• We provide mathematical analyses for CA subcarrier
reweighting and AA antenna-pair fusion under common
signal-plus-noise assumptions.

• We evaluate the accuracy–efficiency trade-off under a
fixed downstream recognizer against heuristic input com-
pression baselines, and study different temporal priors
(GTA, variance, and RMS) for weight generation.

Data/code availability: Due to privacy constraints, the door-
opening dataset collected in this work cannot be publicly
released. To support reproducibility, we will release the im-
plementation of ST-CA2, the preprocessing settings, and the
fold-construction procedure upon acceptance, and will add the
repository link in the camera-ready version: [URL to be
added upon acceptance].

The remainder of this paper is organized as follows. Sec-
tion II reviews related work and Section III presents the pro-
posed method and analysis. Section IV reports experimental
results and discussion, and Section V concludes the paper.

II. RELATED WORK

A. CSI sensing and preprocessing

Wi-Fi sensing commonly relies on either RSSI or CSI. Com-
pared with RSSI, CSI provides fine-grained channel responses
at the subcarrier level and is thus more sensitive to human-
induced propagation changes [3]. In a MIMO-OFDM system,
CSI can be described by

Yi = HiXi +Ni (1)



where Hi denotes the subcarrier-wise channel response and
Ni denotes measurement noise [4]. Existing CSI-based recog-
nition methods typically rely on preprocessing (e.g., denoising,
segmentation, or time–frequency transforms) before feeding
CSI into learning models [5], [6].

B. CSI input usage: full-input vs compression and the gap

With multiple antenna pairs and subcarriers, CSI contains
rich diversity but also redundancy and noise. Full-input us-
age directly feeds the full tensor into a recognizer, which
preserves information but increases compute/memory and can
amplify nuisance variations. Input compression reduces the
antenna/subcarrier dimensions by heuristics such as arith-
metic mean fusion or random selection; these strategies are
lightweight but can attenuate discriminative temporal varia-
tions (feature fading) or yield unstable performance.

Beyond heuristic compression, lightweight learning-based
reweighting modules such as SE blocks [7] and CBAM-style
attention [8] are widely used to improve compact models.
However, such modules are typically inserted into learned
feature backbones after feature extraction, whereas ST-CA2
is designed as an input-stage module that operates directly
on raw CSI organization and specifically targets subcarrier
reweighting and antenna-pair fusion before a fixed downstream
recognizer.

For efficient and tiny networks, reducing the input cost
is as important as compressing the backbone. The above
tension motivates ST-CA2: a lightweight input refinement and
fusion module that performs (i) subcarrier-wise reweighting
to suppress noisy/redundant components and (ii) antenna-pair-
wise fusion to reduce the antenna-pair dimension. ST-CA2
outputs a compact C × T representation, enabling plug-and-
play integration with compact downstream recognizers.

III. PROPOSED METHOD

ST-CA2 is a lightweight module for CSI input refinement
and fusion. It targets redundancy/noise across subcarriers and
redundancy/imbalance across antenna pairs, with the goal of
reducing the input burden for efficient and tiny downstream
models. The module applies CA for subcarrier reweighting
and AA for antenna-pair fusion, producing a compact repre-
sentation.

Fig. 1 summarizes the computation flow of ST-CA2.
Given X ∈ RA×C×T , CA performs element-wise gating
XC

a,c,t = Xa,c,t⊙WC
a,c, and AA fuses antenna pairs to obtain

Xfuse(c, t) =
∑A

a=1 αc,aX
C
a,c,t ∈ RC×T .

A. Notation and problem setup

For each antenna pair a ∈ {1, . . . , A}, we denote the CSI
measurement as a stack of C subcarrier time series:

Xa ∈ RC×T ,

where each row Xa,c,: is the length-T temporal sequence of
subcarrier c. The full multi-antenna-pair CSI input is formed
by stacking {Xa}Aa=1:

X = {Xa}Aa=1 ∈ RA×C×T .

Fig. 1. Overview of ST-CA2.

ST-CA2 outputs a compact fused representation

Xfuse ∈ RC×T ,

which reduces the antenna-pair dimension while preserving
subcarrier-wise temporal structure.

ST-CA2 uses a temporal statistical operator S(· | M) to
extract a low-dimensional prior from a time series, where
M ∈ {GTA,Var,RMS} denotes the choice of statistic. We
do not assume a fixed M ; its impact is evaluated empirically
in Section IV-D.

B. Stage-I: subcarrier-wise Channel Attention (CA)

Channel Attention aims to highlight discriminative subcar-
riers by learning a subcarrier weight vector for each antenna
pair. For antenna pair a and subcarrier c, we first extract a
temporal statistical prior:

pCa,c = S (Xa,c,1:T |M) , pCa ∈ RC . (2)

Then a two-layer MLP produces subcarrier weights:

WC
a = σ

(
WC

2 · δ
(
WC

1 · pCa + bC1
)
+ bC2

)
, WC

a ∈ (0, 1)C ,
(3)

where δ(·) is a ReLU-type nonlinearity and σ(·) is the sigmoid
function. The original CSI is then reweighted (element-wise
gating):

XC
a,c,t = Xa,c,t ⊙WC

a,c, XC ∈ RA×C×T . (4)

Here ⊙ denotes element-wise multiplication with broadcasting
of WC

a,c along the temporal dimension t.

C. Stage-II: antenna-pair-wise Attention and Fusion (AA)

Antenna Attention aims to fuse complementary information
across antenna pairs and reduce the antenna-pair dimension.
For each subcarrier c, we extract an antenna-pair prior from
the CA-refined tensor:

pAc,a = S
(
XC

a,c,1:T |M
)
, pAc ∈ RA. (5)

We then generate antenna-pair weights:

WA
c = σ

(
WA

2 · δ
(
WA

1 · pAc + bA1
)
+ bA2

)
, WA

c ∈ (0, 1)A.
(6)



Algorithm 1 ST-CA2 Fusion Module (Forward Pass)
Require: CSI tensor X ∈ RA×C×T , statistic S(· | M), MLP

parameters ΘC ,ΘA, small constant ε > 0
Ensure: Fused representation Xfuse ∈ RC×T

1: {Stage-I: subcarrier-wise CA}
2: for antenna pair a = 1 to A do
3: pCa [c]← S(Xa,c,1:T |M) for c = 1, . . . , C
4: WC

a ← MLPC(p
C
a ; ΘC) {Sigmoid output in (0, 1)C}

5: XC
a,:,: ← Xa,:,: ⊙WC

a {broadcast along T}
6: end for
7: {Stage-II: antenna-pair AA and fusion}
8: for subcarrier c = 1 to C do
9: pAc [a]← S(XC

a,c,1:T |M) for a = 1, . . . , A
10: WA

c ← MLPA(p
A
c ; ΘA)

11: αc,a ←WA
c,a/(

∑A
j=1 W

A
c,j + ε)

12: Xfuse[c, :]←
∑A

a=1 αc,a X
C
a,c,:

13: end for
14: return Xfuse

To perform fusion, we normalize weights across antenna pairs
to obtain αc,a and compute the fused output:

αc,a =
WA

c,a∑A
j=1 W

A
c,j + ε

, Xfuse(c, t) =

A∑
a=1

αc,a X
C
a,c,t.

(7)
The output Xfuse ∈ RC×T preserves subcarrier-wise temporal
structure while reducing the antenna-pair dimension from A
to 1.

D. Implementation remarks

Eq. (7) enforces αc,a ≥ 0 and
∑A

a=1 αc,a ≈ 1, i.e., fusion
is (approximately) a convex combination across antenna pairs
for each subcarrier. ε > 0 is a small constant for numerical
stability; if ε ≪

∑
j W

A
c,j , then

∑
a αc,a is close to 1. In

Fig. 2, Top-k and Bottom-k are used only for visualization.
Algorithm 1 summarizes the forward computation.

E. Theoretical properties

This subsection provides analyses for (i) subcarrier
reweighting in CA and (ii) quality-aware fusion in AA.

1) Channel attention analysis:

Proposition 1 (Gradient-aligned tendency). Let g(·) denote
any differentiable downstream recognizer and ℓ(·, ·) be a
differentiable loss. Consider the expected risk

L = E(X,y)

[
ℓ(g(XC), y)

]
,

where XC depends on WC through Eq. (4). Then for any
antenna pair a and subcarrier c,

∂L
∂WC

a,c

= E(X,y)

[
T∑

t=1

Xa,c,t
∂ℓ

∂XC
a,c,t

]
. (8)

Proof. By chain rule, ∂ℓ/∂WC
a,c =∑

t(∂ℓ/∂X
C
a,c,t)(∂X

C
a,c,t/∂W

C
a,c), and ∂XC

a,c,t/∂W
C
a,c =

Xa,c,t. Taking expectation yields Eq. (8).

Discussion. Eq. (8) characterizes the gradient with respect to
the gate variable WC

a,c. When WC is parameterized by an

MLP (Eq. (3)), gradients to the MLP parameters follow by
chain rule, e.g., ∂L/∂ΘC =

∑
a,c(∂L/∂WC

a,c)(∂W
C
a,c/∂ΘC).

This proposition is used to interpret the optimization signal
acting on the learned gating, rather than to fully characterize
training dynamics for a specific choice of the statistic S(·).
The equality ∂E[ℓ]/∂W = E[∂ℓ/∂W ] holds under standard
regularity conditions (e.g., ℓ ◦ g differentiable in W and
dominated by an integrable function) that allow exchanging
differentiation and expectation.

Proposition 2 (Statistical prior under a signal-plus-noise
model). Assume a subcarrier observation model for a fixed
antenna pair a and subcarrier c:

Xa,c,t = st,c(y) + na,c,t, (9)

where st,c(y) is a class-dependent signal component and na,c,t

is noise satisfying E[na,c,t | y] = 0 and Var(na,c,t | y) = σ2
a,c

(assumed not varying with t). Consider the RMS prior S(·) =
RMS:

pC,RMS
a,c =

√√√√ 1

T

T∑
t=1

X2
a,c,t.

Then

E
[(
pC,RMS
a,c

)2 | y] =
1

T

T∑
t=1

st,c(y)
2 + σ2

a,c. (10)

Proof. Expanding X2 and using E[n | y] = 0 yields E[X2 |
y] = s2(y) + σ2; averaging over t gives Eq. (10).

Discussion. Eq. (10) relates the RMS prior to the signal energy
and noise variance (note it is stated for E[(RMS)2]). If σ2

a,c

varies with t, the noise term becomes 1
T

∑
t σ

2
a,c,t. CA maps

pC to WC through Eq. (3); the choice of S(·) is evaluated
in Section IV-D. We emphasize that this proposition analyzes
E[(RMS)2], not E[RMS]; in general E[RMS] ̸=

√
E[(RMS)2]

due to Jensen’s inequality.
2) Antenna attention analysis:

Proposition 3 (Optimal fusion and a variance-based reliability
proxy). For a fixed (t, c), assume a standard multi-sensor
observation model:

XC
a,c,t = ut,c+εa,c,t, E[εa,c,t] = 0, Var(εa,c,t) = σ2

a,c,
(11)

where ut,c denotes the latent class-relevant response and
εa,c,t are independent across antenna pairs a. Consider linear
unbiased fusion ût,c =

∑A
a=1 αc,aX

C
a,c,t with

∑
a αc,a = 1.

The weights minimizing Var(ût,c − ut,c) are

α⋆
c,a =

σ−2
a,c∑A

j=1 σ
−2
j,c

. (12)

If, in addition, ut,c is approximately constant within the fusion
window (i.e., Vart(ut,c) ≈ 0), then the temporal variance
satisfies Vart(X

C
a,c,1:T ) ≈ σ2

a,c, providing a reliability proxy
derived from S(·) when S(·) = Var. More generally, such
an approximation requires preprocessing that suppresses the
temporal dynamics of ut,c (e.g., detrending or differencing),



rather than only removing a constant mean. If εa,c,t are
correlated across antenna pairs, the optimal weights take the
generalized least squares form α⋆ ∝ Σ−11, where Σ is the
antenna-pair noise covariance.

Proof. Under the unbiasedness constraint, the fusion error
equals

∑
a αc,aεa,c,t and its variance is

∑
a α

2
c,aσ

2
a,c. Minimiz-

ing this quadratic form subject to
∑

a αc,a = 1 via Lagrange
multipliers yields Eq. (12).

Discussion. Eq. (12) assigns larger weights to more reliable
antenna pairs (smaller σ2

a,c). In ST-CA2, the weights are
produced from temporal statistics pAc,a = S(XC

a,c,1:T | M)
(Eq. (5)) and normalized (Eq. (7)). Under the additional
condition above, using variance as S(·) yields a proxy for σ2

a,c,
and the learned mapping can approximate inverse-variance
weighting. When ut,c varies strongly within the window, the
statistic mixes signal dynamics and noise; this motivates the
empirical comparison of GTA/variance/RMS in Section IV-D.

F. Complexity and input-size analysis

1) Input size: Full-input usage has input size Θ(ATC)
per sample. Mean fusion, random selection, and ST-CA2
all produce a compact representation of size Θ(TC) when
the antenna-pair dimension is reduced to 1. Therefore, the
antenna-pair dimension reduction yields an input compression
ratio of A from full-input to the compact C×T representation.

2) Computation of ST-CA2: Let D denote the hidden
dimension of the two-layer MLPs. Computing temporal priors
pC and pA from X and XC requires O(ATC) operations
for common statistics (GTA/Var/RMS). The CA MLP maps
RC → RD → RC for each antenna pair, contributing
O(ACD). The AA MLP maps RA → RD → RA for each
subcarrier, contributing O(CAD). Element-wise reweighting
and weighted fusion are both O(ATC). Overall, the compu-
tational complexity of ST-CA2 is

O
(
ATC +ACD + CAD

)
,

where the ATC term typically dominates when T is large
(e.g., hundreds of time steps).

IV. EXPERIMENTAL RESULTS AND DISCUSSION

We report four experiments: (i) input usage strategy com-
parison (Table I), (ii) temporal prior ablation for S(·) (Ta-
ble II), (iii) CA weight evolution across epochs (Fig. 2), and
(iv) signal-level fusion comparison against arithmetic mean
(Fig. 3).

A. Data collection and protocol

We evaluate on a CSI-based person identification dataset
collected during a door-opening motion (subjects rotate the
handle and enter a room). Data were recorded in an indoor
corridor environment with existing Wi-Fi.

Two computers were used: one as a Wi-Fi transmitter and
the other as a receiver. Both were equipped with an Intel 5300
wireless network interface card supporting 3×3 MIMO. The
Linux 802.11n CSI Tool [9] was employed to capture CSI from

all three receive antennas simultaneously. The system operated
in the 2.4 GHz band, with CSI measurements recorded at a
sampling rate of 100 Hz.

A total of nineteen participants were recruited and each
performed the door-opening task for 50 trials. Each CSI
sample contains Na = 9 antenna pairs, Nc = 30 OFDM
subcarriers, and T = 500 time steps. Raw CSI amplitude
data were denoised via a 3-level DWT with the db4 wavelet
basis. A 5-fold cross-validation strategy was adopted; results
are averaged across folds. A total of nineteen participants were
recruited and each performed the door-opening task for 50
trials, yielding 950 samples in total. Each CSI sample contains
Na = 9 antenna pairs, Nc = 30 OFDM subcarriers, and
T = 500 time steps. Raw CSI amplitude data were denoised
via a 3-level DWT with the db4 wavelet basis. We adopted
participant-level 5-fold cross-validation and used the same
folds for all compared methods. In each fold, the training
and test participant sets were disjoint, and all 50 trials from
one participant were assigned to only one side of the split,
preventing identity leakage across training and testing. Results
are averaged across the five folds.

We report OA, macro Precision/Recall/F1, peak GPU mem-
ory, parameters, and GFLOPs.

B. Implementation details (brief)

Each CSI sample is stored as a CSV sequence and standard-
ized by x← (x− 0.0025)/0.0119 before being reshaped into
(A·C)×T = (270)×500 for full-input usage. For compressed
inputs, the 270 channels are split into A×C = 9×30 segments
and then reduced to a C × T = 30 × 500 representation by
Average (mean over antenna pairs), Random (uniform selection
of one antenna-pair segment per sample), or ST-CA2 (CA+AA
fusion).

For the downstream recognizer, we use a fixed backend
that converts each C × T sequence into a Gramian Angular
Summation Field (GASF) image of size C×T×T and applies
a lightweight CNN classifier. We train with Adam (learning
rate 10−3), batch size 16, and cross-entropy loss under 5-
fold cross-validation. Unless otherwise specified, the reported
peak GPU memory and GFLOPs are measured within this
common learning setup after the CSI input has been prepared
under each strategy, and are used here as relative comparisons
within the same protocol rather than end-to-end edge-device
measurements.

C. Input usage strategies

We compare four CSI input usage strategies under the same
downstream recognizer and training protocol:

1) Full: the full CSI tensor X ∈ RA×C×T is used as input.
2) Random: one antenna-pair segment is uniformly selected

for each sample to construct a compact input.
3) Average: arithmetic averaging is applied

along the antenna-pair dimension to obtain
X̄(c, t) = 1

A

∑A
a=1 Xa,c,t ∈ RC×T .

4) ST-CA2: CA+AA fusion produces Xfuse ∈ RC×T .



Fig. 2. CA weight evolution across epochs (Top-k and Bottom-k highlighted).

Table I reports recognition performance and efficiency. ST-
CA2 achieves the best OA (99.20%) with 6.208 GFLOPs, im-
proving over full-input (97.20%, 53.232 GFLOPs) while using
a compact input. Compared with Average and Random, ST-
CA2 improves accuracy with similar compute. This reduction
in input-side compute and memory directly supports deploying
efficient and tiny downstream models without relying on full-
input processing.

D. Temporal prior S(·) ablation

The temporal statistical operator S(·) in ST-CA2 determines
the priors pC and pA used for weight generation. We compare
three typical scalar extraction methods: Global Temporal Av-
erage (GTA), Variance, and Root Mean Square (RMS).

For a subcarrier time series Xa,c,1:T , GTA is

pGTA
a,c =

1

T

T∑
t=1

Xa,c,t,

Variance is

pV ar
a,c =

1

T − 1

T∑
t=1

(Xa,c,t − µa,c)
2
, µa,c =

1

T

T∑
t=1

Xa,c,t,

and RMS is

pRMS
a,c =

√√√√ 1

T

T∑
t=1

X2
a,c,t.

Note that Var uses the sample factor 1/(T − 1), while
GTA/RMS use 1/T ; this constant scaling does not affect the
relative ranking of antenna-pair “reliability” when variance is
used as a proxy.

Table II reports the effect of GTA/variance/RMS as S(·).
RMS achieves the best OA (99.20%), while variance and GTA
lead to lower accuracy.

E. CA weight evolution

We record the CA weight vector WC ∈ (0, 1)C at the end of
each training epoch (fixed antenna pair, fixed input batch). For
visualization, Top-k and Bottom-k subcarriers are highlighted
and the remaining curves are shown in gray (Fig. 2).

Fig. 3. Signal-level fusion comparison: (a) ST-CA2 vs. (b) arithmetic mean.

Fig. 2 shows non-uniform subcarrier weights across epochs,
with stable separation between Top-k and Bottom-k trajecto-
ries.

F. Signal-level fusion comparison

To examine AA-based antenna-pair fusion, we compare the
fused time series produced by ST-CA2 and arithmetic mean
on a representative subcarrier (Fig. 3).

Fig. 3 compares fused time series. ST-CA2 preserves larger
dynamic range and sharper motion-induced variations than
arithmetic mean.

G. Discussion

ST-CA2 is an input-stage module and can be placed before
different downstream recognizers. From an efficient-and-tiny
perspective, ST-CA2 reduces the CSI input to a compact
C × T form with small overhead, allowing the downstream
model capacity to be allocated to recognition rather than
handling redundant input. The evaluation here uses a fixed
downstream recognizer and limited ablations. The current re-
sults are therefore best interpreted for the studied door-opening
dataset and protocol. Broader comparisons with other learning-
based lightweight modules and end-to-end measurements on
CPU/MCU-class devices remain future work.

V. CONCLUSION

We presented ST-CA2, a two-stage module for CSI input
refinement and fusion toward efficient and tiny Wi-Fi sensing



Method OA (%) F1 Score (%) Precision (%) Recall (%) memory usage (GB) parameters GFLOPs

Full 97.20 97.38 97.72 97.32 8.601 1,450,451 53.232
Random 90.40 88.66 90.05 88.83 1.446 697,811 6.192
Average 93.20 90.91 93.27 91.46 1.447 697,811 6.192
ST-CA2 99.20 99.25 99.36 99.19 2.006 702,138 6.208

TABLE I
COMPARISON OF CSI INPUT USAGE STRATEGIES UNDER A FIXED DOWNSTREAM RECOGNIZER.

Method OA (%) F1 Score (%) Precision (%) Recall (%)

GTA 96.80 95.93 96.43 96.00
Variance 98.00 97.40 97.95 97.18

RMS 99.20 98.92 98.97 99.00
TABLE II

PERFORMANCE OF DIFFERENT SCALAR EXTRACTION STRATEGIES IN THE
ST-CA2 MODULE

models. CA performs subcarrier reweighting and AA performs
antenna-pair fusion to produce a compact C×T representation.
Within the studied door-opening identification setting and
under a fixed downstream recognizer, the analyses and ex-
periments indicate an improved accuracy–efficiency trade-off
compared with full-input and heuristic compression baselines.
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