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Abstract: To address the dependence of intelligent-driving behavior recognition on predefined classes, the lack of real
training samples for unseen behaviors, and the difficulty of deploying complex generative models at the edge, a driving
behavior recognition method combining semantic-conditioned generation and latent spectral calibration (Diff-HAR)
is proposed for generalized zero-shot learning. First, a convolutional temporal encoder is used to obtain a unified latent
representation, and unseen-class features are generated by a diffusion model conditioned on class semantics. Second,
principal-subspace-preserving latent spectral calibration and statistical perturbation are used to adjust the structure and
distribution of the generated features. Finally, the generated features are combined with real seen-class features to train
a lightweight classifier, and bias calibration enables unified recognition, forming a decoupled architecture of cloud-
based offline generation and training and edge-based online lightweight inference. Experimental results show that, on
the DriverActivity dataset, Diff-HAR achieves an unseen-class accuracy of 39.0% and a harmonic mean of 44.1%,
exceeding the conditional variational autoencoder (CVAE) by 10.1 and 7.7 percentage points, respectively, and is
overall comparable to the Wasserstein generative adversarial network with gradient penalty (WGAN-GP), whose
corresponding metrics are 39.6% and 43.9%. On the PAMAP2 dataset, the two metrics reach 94.7% and 72.3%,
respectively, outperforming FM-IoT by 41.0 and 10.2 percentage points. In the ESP32-S3 replay test of the lightweight
classification head, the model size is 0.24 MB and the average inference latency is 9.379 ms. The results show that
Diff-HAR balances seen- and unseen-class recognition without real training samples for unseen classes and
demonstrate the feasibility of cloud-based generation and training with lightweight edge classification on resource-
constrained intelligent-driving nodes.
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BERT!!6] 74.70+0.00 49.90+0.70 59.30+0.00
f-CLSWGAN[2 92.40+0.20 27.80+1.10 41.70+1.50
FREE!!] 87.70+0.30 37.20+0.20 52.10+0.20
FM-Io T[] 74.60+0.10 53.70+0.40 62.10+0.20
ASCHER! (DiffHAR) 58.50+1.80 94.70£0.20 72.30+1.50
CMMF SUEE (ERR) ALEDD 86.50£0.10 0.01£000 2004000
DCN 67.00+1.30 30.20+1.30 40.300.90
BERT!!6] 71.80+0.00 36.90+0.60 48.30+0.50
f-CLSWGANL2 77.20£0.30 29.70+0.50 42.3040.40
FREE!!] 87.70+0.10 25.30+0.80 38.30+1.10
FM-Io T[] 73.30£0.00 40.40+0.50 51.70+0.30
ASCHER! (DiffHAR) 62.20+3.20 47.90+8.20 53.70+5.10



512 VRAELEE, S T R)EY RE B SRR S AT IR T ik 7

HiRee bl AT ZEEFRE% A BERRER/% VEFIEE/ %
USC-HAD #iE& ALE! 92.50+0.00 0.60£0.00 1.10+0.00
DCN 56.60+3.20 37.10£1.50 43.30+1.10
BERTL!®! 74.90+0.10 41.60+1.30 52.20+0.70
f-CLSWGANL2 81.30+0.50 29.2043.50 39.50+4.90
FREE!!3 90.90+0.10 14.00:£0.60 23.20+1.60
FM-IoT!!7] 73.10£0.50 54.80+1.80 61.10+0.70
AICAER! (Diff-HAR) 57.09+0.53 66.65+7.12 61.33+2.89
 DriverActivity ##8%  FMIoT1 501044180 13.00£1670 5456291
WGAN-GP 49.50+3.10 39.60+2.20 43.90+2.10
CVAE 49.20+2.80 28.90+1.40 36.40+1.60
AICAER! (Diff-HAR) 51.00+2.10 39.00+3.10 44.10£2.10

#E: DriverActivity £ 4E 1) FM-ToT &5 A2 T A TR A G — N\ Uh U3 B 5T RS2 50 45 s PAMAP2. USC-HAD 1 MM-Fi [ 7] Jl/Aaf
TR 5 B T EE KPR B SCaHy F SCER[17], & 777K MR & %4 DCN. WGAN-GP Fl CVAE E2R354% SCHR[17] A T A5 8 %
BRVPA PSR TR AT IR 4 SR LR 25 IR R LA R

Diff-HAR 7t DriverActivity. PAMAP2. USC- 15 & IR ES B S S A XS 84, (H L8 AP 341
HAD # MM-Fi #4548 ERIRAEIE 3008 44.1%  MIRTASO7 .
+2.1%. 72.3%+1.5% 61.33%+2.89%F1 53.7%+
5.1%; DriverActivity ERJERZE RN 0.313+0.036. % 2 AR E DriverActivity (£ E < 83

DriverActivity 11 44.1%A N R H2r F PHAE IR GZSL U 6938 Asd BE 45 %
A ERR, WASEEHE L E AT WGAN-GP B A B3 Table 2 Approximate comparison under the fixed 8/3 GZSL
L3, P RATEE S 5N 44.1%+2.1%F0 43.9% protocol on the DriverActivity dataset
2. 1%, ST ROMEEE T+ {5 220 R A T g VUSER TARKER BT
RLEAE B 3 NAT AT N TE A B SEIZRFEA /% /% ¥1E/%
FIFEE 8 - 3 WM T, Diff-HAR 44 [E U 51.0% + GZSL-EM['4] 39.26 24.00 29.79
2ﬁ10£5§£21%ﬁﬁ }:DT i b;?-g?} iiﬁggi%ff HARGPT!'S 2321 32.12 26.95
i, RN R T B S0 Bmfa . 456 2k il

. — VL S SL e ] L ZeroHARI! 2291 32.76 26.96
BRI, GARTENRI R o 2 B2
RS, AR RS . i : :
422 Gi—thil THOE AT SR A5t 1 4.3 IHRASCHE

2 2 7E4;— ¥ DriverActivity 4852 154k 2 1 i 3R 4 g5 R SR AR I S T A 4

8 03 P FHIE GZSL-EM. HARGPT. ZeroHAR R A& 1 LRI Z IIRAT HTIAAIBRIEZ o LT
A IMUZero (9305 {bL B £ BL04.18-20] A% 56 [EL g % FHF VP E R A A TS HE . ST sh A
RIS I B T 4 5. e — i g,  ERESERIANN AR T RGAT A,
s A SO SRR B D R (R e, S TTEAE 4.6 RS
& 3 PAMAP2 4B 5% b X420 4697} ar 5 I
Table 3  Ablation study of key components on PAMAP?2 dataset

BE ARICEMBE% AR RZEREY  BANEHE% BURERERT HETEIR
EB LRSS 37.77 95.17 54.07 15 0.584
ERBELROE 57.64 95.17 71.79 27 0.728
KBt ish 53.05 68.62 59.20 25 0.636
EBRRERE 98.19 5.45 10.32 0 -
My 56.16 56.30 56.23 7 0.610
SEEGRA! (DiffHAR) 60.43 93.74 73.48 23 0.728

% 4 DriverActivity 2 #% % £ X 4 4F 8974 xR 12
Table 4 Ablation study of key components on DriverActivity dataset
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