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Frequency Domain Recap



When Data Lives In the Frequency Domain

o What is Frequency domain data? A

o Information that tells us the
frequency components of a given
signal

o What if we still want to keep some
time information?

o Use STFT — Spectrogram

o Harmonic structure, locality,
resolution tradeoffs

e Physical phenomena are often wellSpectrogram
represented in freq. domain

o

Frequency domain
measurements
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Similar or dissimilar spectrograms??
Dissimilar - frequency shift
Images look very similar though!

We need a way to leverage the unique
properties of frequency data
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Design Constraints in Frequency-Domain SSL

Structural Constraint

How can we train models
while using the unique
structure of frequency-domain
data?

.
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STFNets

4

& N

Representation Constraint

How can we learn both local
and global time-frequency
patterns?

Contrastive Learning

A 4

Scalability Constraint

Can we train models without
the need for large, labeled
datasets?

FreqMAE & PhyMask

. 4




Teaser / Application



Emotion Recognition from Raw Speech

4 N

Self-Supervised models can
detect emotion from speed
with high accuracy!

How can this be possible? How
did we get here?

A 4
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“We're going to the store
again”




Emotion Recognition from Raw Speech

T CS 537

anger 2
disgust - 7
fear - 1
:
=
happiness {1 4 3 10
neutral { 3 3 9
sadness4 0 4 10 2
5 @ = A =
S o =
=
Prediction

13

11

160

140

120

100

80




I What Enables This?

a

<

Raw Audio

N

4
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Spectrogram
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Fine-Tuning
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Structural Modeling (STFNets)



Generic CNNs are more suited for
external perceptual tasks

Can we treat spectrograms as images
and use traditional learning methods?

loT Data often models real-world
phenomena, which is best analyzed in
the frequency domain.

Can we leverage the unique
properties of frequency-domain data?

CS 537
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Time-Frequency Hologram:

Beating uncertainty principle

o Compute multiple STFTs of

different length

Frequency Filtering Layer:

Learn which frequencies /
features best predict network
outputs

N

-

4
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Designing Networks for Frequency Data

» Time-Frequency Hologram: | / / / / / / / / /

o Beating uncertainty principle
o Compute multiple STFTs of " I

different length :::::::::::::::: :::::::::::::::
» Frequency Filtering Layer: ﬁ /% %@ g /? W
o Learn which frequencies / e
features best predict network . "";"';.;;;';;;;;;; """" ) Atenion Merge o fourclements |
OUtpUtS kl_:::::::::::::::::::::::t__:::::::::::::::::::::::_,J

A
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/ Figure 3: The design of hologram interleaving.
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Designing Networks for Frequency Data

/ \ STFNet-Convolution
£ ™y

» Frequency-Aware Convolution:
o Spectral padding does not distort

signal as padding with Os does /WW

* Pooling: | i
0 fs/d  fs/2 o " fs/8 fs/4 3fs/8 fs/2 0 fs/8 fs/d 3fs/8 fs/2

© Remove unwanted frequency : / J\ y

------------------------------

components without zeroing | N s )

A J
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STFNets: Results
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Reference: Paper #1

Impact of Frequency-Aware Architecture

STFNet Block

(Mm't esoultuion short-time Fourier Trans fama

ﬁros \
o Improved sensing / model output | s e I A

performance

o Demonstrated benefit of signal-
aware design N

5 (
o Shifted architecture philosophy E : — * - B
o Limitations

)
o Still using supervised learning g g H H H H H 4 / / /

a p p ro a C h Inverse short-time Fourier Transform

o Still dependent on labeled data [TTTTIITITIITIT]

\C\an we overcome these Iimitations?/ "




Learning Without Labels
(Contrastive)



Contrastive SSRL for Sensing Signals from the
T-F Perspective
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The Augmentation Dilemma

co
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J T
M N e B L S

Frequency (kHz)
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o
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Similar?

Similar? NO
YES

The Vision Gap: Image augmentations (rotation, color jitter) destroy signal physics

19
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The Solution: Physics-Aware TF Augmentations

1. Original Signal 2. Sensor Dropout 3. Signal Scaling 5. TF Cropping

4. Additive Noise _

Frequency

Time Time Time Time Time

Mimics Hardware Failure Mimics Varying Sensor Mimics Ambient Mimics Localized Events
Distances Interference

20
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The Contrastive Architecture

Contrastive Self-supervised Pre-Training

Encoder

SimCLR-style Pipeline

Projection head

[.@“\

Contrastive Loss

X
D L&Q x| 0 D| 20 |0 j Objective (NTXent
| ! Loss)
X;

Two-branch parallel

E() contrastive network

Large unlabeled E>
sensing dataset

]
;

View Generation

|
r.

L | -_ - I j 3 .
1 Representations Maximize agreement

R ettt i R between augmented views

Apply two random TF
augmentations to one signal

Data
Augmentation

Small labeled
sensing dataset

0 — -3 Feature Encoding
Moasldh olo]old 3o 4 |
— A Pass views through a

Frozen Encoder Classifier Target Task

X Label

CNN backbone
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Data Efficiency & Cross-Dataset Transfer

MotionSense
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Performance under various Augmentation

Frequency-Domain Augmentations

Amp. and phase perturbation - . O
Low-pass filter - O o o

Phase shift - ®) O O

Time-Domain (Top 4) Augmentations

Rotation - ém @
Inversion - O @)
Scaling - O .
e MotionSense
Horizontally flipping - O O e : tﬂg::tilf;é
| | | | | | | |
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Key Takeaways & Practical Nuances

o Frequency-domain architectures (STFNet) and
The Core Takeaway augmentations significantly outperform time-
domain CNNs for sensing

o Amp/Phase perturbations create highly robust

Augmentation Physics R

o Time-domain heuristics (e.g., reversing time,
Physical Invalidity arbitrary rotation) often lack meaningful physical
interpretations

o The architecture relies strictly on STFT; alternatives
like Wavelet transforms remain unexplored

Transform Rigidity

24
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Localized Time-Frequency
Contrastive Learning



Reference: Paper #4

Global — Localized

- D

o Learn from both Time and
Frequency Domain
o Separate encoders for raw
signal and scalogram

4

— — —

o Use Contrastive Learning N —— -
. I
for training | E S—

» Fuse the outputs of the | e _L )

- | 4 -
separate encoders for final B d

output A :
\ / : fSig eStd I:TE Softmax =— -#I

I Head
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Improvements

Maintains information
about when a frequency
occurs

Uses complementary
information from both
streams

Better generalization

T CS 537

MotionSense

HHAR

HAPT

Raw Signal

Reference: Paper #4

Scalogram Representations

Signal Representations
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Masked Reconstruction Paradigm
(MAE)



1D Raw Audio to 2D Spectrogram

Amplitude

The Goal: Learning rich, global time-frequency dynamics without requiring human-annotated labels
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Reference: Paper #3

AST: Enter the Transformer

Output
e Pure Transformer
Transformer Encoder e Image-Like Processing

e Global Context

&

6\

e Variable Length Input
Fast Convergence
Ecos] [Ea] [E] [Ea] [Ea] [Ba] [Ba] [Ba] [Es ° ° ;
0

Linear Projection
1 2] 3 4 61 8

The Bottleneck: Heavily relies

Input Spectrogram

_ Patch Split with Overlap -
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on massive supervised datasets

Iﬁi
8
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Reference: Paper #3

The Data Bottleneck




The Solution — SSAST

— e o e e e e e S S e e e e e e e e

_______________________________

‘-—————————
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Transformer Encoder
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I: I_I_ I_I_I |

Llnear Projection

Random Masking
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@
e No ImageNet Pretraining
e \Works for both Audio & Speech
e Any Transformer Architecture
e Better Results than Supervised
Pre-training
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MSPM: Masked Spectrogram Patch Modeling

" \

il e Pretext Task: Predict missing
Spectrogram spectrogram patches

Frame-level

® INnqg:
Masking Unstructured Masking

Randomly drop individual patches
Patch-level

Masking .
C— 1 e Structured Masking: Drop whole

Patch-level time/frequency bands
Masking
C=3
Patch-level ) )
Masking signal semantics

: ok C=6
Time

33

Frequency

e Reconstruction: Teaches global
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Joint Learning Objective

Masked
Spectrogram
Patches

—>

T CS 537

AST Encoder

Reconstruction
Head

Generative
(MSE Loss)

Contrastive
Head

Discriminative
(InfoNCE Loss)

Reference: Paper #3

o N

e Dual Objective: Combine generative
and discriminative tasks

e Generative (MSE): Reconstruct exact
masked patch values

e Discriminative (InfoNCE): Contrastive
learning for global context

e The Synergy: Richer representations
without human labels

A 4
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Joint Learning Objective

Masked
Spectrogram
Patches

T CS 537

AST
Encoder

Reconstruction
Head

Reassembling

Contrastive
Head

Generative
(MSE Loss)

Discriminative
(InfoNCE Loss)

o )

e Dual Objective: Combine generative
and discriminative tasks

e Generative (MSE): Reconstruct exact
masked patch values

e Discriminative (InfoNCE): Contrastive
learning for global context

e The Synergy: Richer representations
without human labels

A 4
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Ablation Study
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100 | ™M Discriminative Only 96.6 98:098.0 96.0

B Joint (SSAST Default) 93.39%4.2
88.8

90 85.6

80

70

60

50

Accuracy / mAP (%)

40

30

20

10

36
T CS 537




Reference: Paper #3

SSAST vs AST: Performance Comparison
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Key Takeaways & Practical Nuances

01
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Universality Beyond Audio

The Phase Information Loss

Deployment Computational
Cost

Preprocessing Brittleness

Reference: Paper #3

The 2D patch-masking paradigm extends
natively to other frequency-domain signals (e.g.,
WiFi CSI, seismic data)

Standard spectrograms discard signal phase,
which is a critical limitation for complex
wireless and spatial sensing tasks

The quadratic scaling of ViT attention makes
real-time, resource-constrained edge inference
highly prohibitive

The patch semantics are rigidly tied to the
specific STFT hyperparameters (window size,
hop length) used during pre-training

38



Reference: Paper # 5

Could it improve?

We can:

- Inject frequency-domain priors

Audio FFT

- Improve with limited labels

- Make it more suitable for loT time-series s :

ki
N

o
en

Seismic FFT

i
-

0 100 200 300 400 300

F (Hz)
a) Moving Vehicle at t=T seconds

39
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Frequency-Aware MAE

Design Changes:

- Local window attention (frequency-aware modelling)
- Temporal window shifting (capture drift)
- Frequency-weighted reconstruction loss

- Factorized multimodal fusion
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Workflow Implementation

Mod-1

Mod-2

2

$

»:9

TS
Encoder

TS
Encoder

| Original

Data
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Private
TS-Decoder

Shared
TS-Decoder

Private
TS-Decoder

Shared
TS-Decoder

Mod-2 Mod-2 Mod-1 Mod-1




Modelling Local Structure and Temporal Drift

Methodology:

- Attention to local frequency windows

- Windows shift across time in next layer ... l..l
“aEE SRS

. Captures harmonic drift e ok TR

Benefits:

- Reduces computation

T CS 537
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Not All Frequencies Are Equally Informative

- Uniform MSE assumes equal importance
- Information usually band concentrated
- Weighted loss prioritizes informative regions

a0 (2107 y High
30/ olr P | Frequency
E ] | E{J [
20, *rirt” |
ﬁ - : Increasing
=1.0 54 | | | Weight
'd: | T L, A |Jw‘ I ——————————— 9_‘
0.01 ***“‘L'll’ﬁmw" AR A M, ]
0 100 %nrgq s |:I::|Izﬂ]? 400 500 e
ZFr&que:ﬂcy

Time (sec)
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Does Frequency-Aware MAE Help?

—— Supervised ———CMC ——Cosmo ——SImCLR ——TS2Vec ——TS-TCC ——Vanilla MAE ——LIMU-BERT ——FreqMAE

1.0 1.0 = 1.0 1.0
0.8 0.8 0.8 0.8
gn.ﬁ gn.ﬁ Eu.a s En.e -

= - =3 =3
§ 0.4 N E 0.4 \ ﬁ 04 ﬁ 04
0.2 0.2 \\Q 0.2 0.2
0.0 100% 10% 1% 0.0 100% 10% 1% 0.0 100% 10% 1% 0.0 100% 10% 1%
Labeling rate Labeling rate Labeling rate Labeling rate
(a) ACIDS (b) MOD (c) RealWorld-HAR (d) PAMAP2

- Better performance under label scarcity

44
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Does Frequency-Aware MAE Help?

Ablation Study on FregqMAE

w/o Weighted Loss w/o Energy Scaling w/o TS-T w/o Fusion FreqMAE
mACC ACIDS =mF1ACIDS wmACC?2 PAMAP2 mF1PAMAP2
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o 2]

0.
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0.

o

0.

F=
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a

]

0.

0.

—L
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Still Static Assumptions

- Masking remains random
- Frequency weighting predefined

- Importance estimated heuristically

- Can masking itself become adaptive?

46
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PhyMask: Physically-Informed Adaptive Masking

Instead of weighting reconstruction loss, we can:

- Adapt masking based on signal characteristics
- Masking becomes data-aware

- Reduce wasted reconstruction effort
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Static Masking vs Adaptive Masking

- Random masking treats all patches equally
- Frequency-weighted loss still reconstructs everything
- Important regions should be reconstructed more often

- Uninformative regions shouldn't dominate training

48
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Reference: Paper # 6

- Target Detection ( Audio) :Humau .-‘_a.t:tiv.it}' Recognition (IMU) Estimate patCh importance
T E 5o (energy / physical signal
3 2 | T metrics)
25|57 Adjust masking probability
— - dynamically
2 |2 Harder regions masked more
z g often
E‘: & ﬂ Easy/noisy regions masked
= oo . less often
< | E 2| =
~ |52 |5
2 [EE &
%"‘ 17 .
- = =
< | & =, ﬁ 1
- _ Time (s) == Time (s) - _
Sﬂectmgam Visible Masked Sampling Probability Map
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Workflow Implementation

Spectrogram
Patch Segmentation

T CS 537

Energy
Masking

Coherence
Masking

- Nl

- [

Energy Mask =

FAOF OF WF W

EENEEE
N

\WAVAVAVAWY,
Coherence Mask

Adaptive Masking

|

Joint Mask
probability

J

|

|

Mask
Sampling

J

e

=% Low Energy —High Energy ,« Low Coherence “_/ High Coherence

Masked Input

Reference: Paper # 6

Encoders-Decoders

Reconstructed Input
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Accuracy

Reference: Paper # 6

Does PhyMask Help?

= CMC = SImCLR = TS2Vec == LIMU-BERT = Vanilla MAE = CAVMAE = AudioMAE = PhyMask

1.0 ACIDS 10 MOD 10 PAMAP2 10 RealWorld HAR
—
[ -
0.8 0.8 -\ 0.8 0.8 N
= > >
L L L
0.6 C 06 C 06 S 06 ¢
Olr= 3 3 v
— —— ) o —
—— =T <T <[
0.4 0.4 0.4 0.4
0.2 0.2 0.2 0.2
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Label Rate Label Rate Label Rate Label Rate
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Does PhyMask Help?

Memory Consumption

42
4.1

4
39
38
3.7
3.6
35
3.4
3.3
3.2

Random Time Frame Random PhyMask
= Memory (GB)
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Efficiency and Edge Considerations

- Avold reconstructing mostly noise regions
- Reduce unnecessary computation
- Improve convergence speed

- More deployment-friendly

53
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Adaptive Masking: Benefits and Risks

4 | N [ )
Benefits: Risks:
- More versatile than static : |mportance estimation may be
weighting wrong
- Less assumption-driven . Could bias toward dominant
- Better resource allocation patterns
- May suppress rare events
- Adds complexity

o AN J
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Synthesis
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STFN ets

2019

Masked
Autoencoder

Contrastive

SSAST

EE% 2022

Contrastive
SSL

2021

FreqMAE

Localized
Constrast

2024

|

Lol L 9

2023

PhyMask

2024

HE

Appllcatlnn

2025

|'| Two Paradigms, One Direction
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What Was the Field Actually Solving?

Structure:

- Respect signal structure

- Learn without annotation

- Improve representation granularity
- Improve stability and scalability

- Optimize for deployment

T CS 537
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