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o THE IDEA: LEARN TO REPRESENT MOTION, THEN TO NAME IT

Motivation: Implementation: Two-stage approach on 8-channel raw audio of vehicles approaching an occluded
» An agent perceiving a continuous sensory stream should first represent how the junction.
stream is changing before naming or describing it. » First stage trains a predictor on the latent representation of multichannel waveforms with no labels.
» Following the principle of understanding the consequences of an action [1] by » Second stage attaches a temporal model with three-task classification heads (direction, count, and
being able to predict the next latent representation of acoustic motion for self-driving type of vehicles being detected).
perception applications. Contributions:

Why self-supervised, then supervised: Inspired by human learning abilities (Spelke  » An architecture that beats state-of-the-art models on our dataset.
1990 [2]; Bertenthal et al. 1984 [3]), we first learn a representation of how the acoustic |, \We isolate what self supervised learning (SSL) contributes and what supervised learning changes.

scene is changing, without labels, and then learn to name the motion.

9 TASK & DATA: DETECT AND TRACK OCCLUDED VEHICLES

» The SSL representation jointly organises motion and source identity.

Static (T-junction) dataset Driving (Take-over) dataset » The ego-vehicle hears the direction, number and type of vehicles it

e METHOD: 2-STAGE LEARNING

Input: 1s chunk of 8-channel raw audio, grouped into 3s windows W, = (x,_2, X,_1, Xn),
Xy € R8x48000_

Stage 1: JEPA inspired pre-training (self-supervised)
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Stage 2: Multi-task fine-tuning (supervised)
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Stage 1 - SSL (no labels): The predictor sees only the latent of x,_» and forecasts the latent
of x,; the middle chunk x,_1 is withheld (2-step horizon).

[ Lsst, = ||go(fi(Xn-2) — ()5 8« mB+(1 —m)o, m=0.99. ]
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Stage 2 - Supervised (three heads): 6 transfers; a BILSTM aggregates the 3-chunk latent
sequence; its final state feeds three linear heads.

[ L= LU+ Lo cOPe A=5 ]

The 2-step horizon is the key design choice: withholding the intermediate chunk forces forecasting and captures
longer-range motion structure.

@ WHAT THE SSL LATENT CONTAINS (NO LABELS USED)

cannot see around a corner.
» 9,800 labelled 1 s chunks across 6 scenarios and 4 acoustic environments;

» Train and test on the T-junction set, with representation transfer to the
held-out Take-over set.

@ RESULTS: SSL BEATS STATE-OF-THE-ART (SOTA)

The SSL representation reaches multi-task accuracy above supervised SOTA - T-junction
validation accuracy (%):

Method / Config. Direction Count Type
Related works (single-task / monitoring)
SRP-PHAT + SVM [4] 53.4 — -
DOA + TF + CNN [6] 61.9 — -
Mel spec. + CNN [5] 75.0 - -
DCASE baseline [7] 67.5 89.5 66.9
Encoder initialization (probe = BiLSTM)
BiLSTM only (no encoder) 33.7 47.0 40.0
Random + BiLSTM (frozen) 66.3 79.7 76.2
Random + BiLSTM (fine-tuned) 70.4 83.3 80.3
SSL + BiLSTM (frozen) 79.9 941 93.2

SSL + BiLSTM (fine-tuned, ours) 81.8 945 93.7

Ablation — prediction target

Interpolation 79.3 89.0 87.3
One-step 80.8 941 925
Two-step (ours) 81.8 945 93.7

» SSL over a random frozen encoder adds +23.4%, +18.5%, +23% for direction, count, type
respectively; fine-tuning adds <2.4%: the representation is learnt at the SSL stage.

» SSL vs. the multi-task baseline: +21.2% direction, +5.6% count, +40.1% type.

6 TRANSFER: FROZEN SSL ADAPTS

Held-out driving take-over set; a 6th direction class (back) is added with zero-initialised
weights and adapted from only 10 labelled clips, encoder frozen:

10-shot Direction Count Type
Accuracy (%) 70.1+10.1 85.7+3.1 56.8+3.6

Observation:

» Early confusion in type task: ego-motion strengthens the acoustic signature, bringing
more confusion between vehicle classification.

» Back < left boundary is not acoustically grounded - an arbitrary cut.
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@ CONCLUSION

» Direction regions emerge: left and
right on opposite sides; front
iIntermixes, encoder’s spatial limit.

» A JEPA-style latent-prediction pretext on raw multichannel audio already organises both
the scene’s motion and its sources’ acoustic identity — with no labels.

» A small temporal probe reads it out above supervised pipelines trained on far larger
labelled data.
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