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Algorithm 1 EF CogVLM i it ig

Require: Pseudo-sample set S = {(Iy,¢)} , prompt dictio-
nary Prompt[-] , threshold 7
Ensure: Filtered pseudo-sample set Sgitered
1: Sﬁltered — (Z)
2: for all (Iy,¢) in' S do
3: query < “How well does this image match the
description: ”Prompt[c]”? Respond with a number

between 0 and 1, where 1 means perfect match.”

4: s + CogVLM(I,, query)

5: if s> 7 then

6: Stittered < Stitered U {(Ig,¢)}
7: end if

8: end for

9:

return Sgjtered
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TABLE II
e StateFarm Ffudl ErgikaE L

TABLE I
2B LT DAT R B B RN

Category Behavior Description | Prompt Model 10-shot 30-shot

The driver is driving normally Top-1 (%) F1 (%) Top-1 (%) F1 (%)

Co Normal driving yvith both hands on the steer- MobileNetv3jcovi10) [34] 16.67 16.17 21.33 20.71

ing wheel. MobileViT 1ep.22) [37] 17.33 16.81 31.33 30.48

c1 Texting with right The driver is texting with the FastViT(1oLr 22) [36] 24.67 23.93 48.67 46.91

hand right hand while driving. ConvNeXt (cyprro2) [37] 25.33 24.57 42.67 41.12

) ) ) ) ) Inceptionv4d (Aaari7) [38] 26.67 25.87 60.00 58.24

2 Holding phone to right Thehdrlye}rltls holdﬁ%gg Phone PVT(1c0val) [39] 26.67 25.87 54.00 52.17

ear to the right ear while driving. ResNet50(cypr16) [37] 36.67 35.57 64.67 62.38

The driver is texting with the Ours 54.00 59.38 88.00 85.44

C3 Texting with left hand

left hand while driving.

Holding phone to left | The driver is holding a phone

4 ear to the left ear while driving.

The driver is adjusting the
car’s multimedia or infotain-
ment system.

C5 Adjusting multimedia

The driver is drinking water

C6 Drinking water while driving.
. The driver is reaching toward
cr7 Reaching toward back the back seat to grab some-
seat .
thing.
. The driver is applying makeup
C8 Applying makeup while driving.
a9 Talking to passenger The driver is talking to a pas-

senger while driving.

AUC-DDD AUC-DDD (JF-% 3 [ K25 53025 Bk 53 5
££) MITH EE KM Abouelnaga % ANME, JZH T
OB R . EaEE 10 N (G, ZeEYE, A
FITHGG . AFREAE. R, FT8. R, &
TN T AEER 31 45 5 EERELE RN 14,478
KEG, WEEFEEE. e, B SLR
BAVERIFELRIIZ4E (80 % By%dE) Kisii PQ-DAF
PCDMS #iHe, FEREHLHEUR G (20 % rEdE) ok
Fz 10 51 30 KAEA T4 (RF2E 10/30 KIER) 1EH
N2 SR 6/

FAVEEH Top-1 UERGRAE R TS FaAr e A RS M R
HE Ry Horpr N R AR B8, v @FEAR 0 1
BEYARE, g FonBRITINERS:, 1(-) 24EmeRE (n
SR TEAR R E 1, AERE 0) .

FAVEEH F1-Score 1A BN i ¥4k 4 Ar > Al AR Y 4
g, & SCH:

Precision x Recall

F1-S =2
core x Precision + Recall’
Hrp
TP TP
Precision = ————, Recall= ——
recision = T eca TP T PN’

TP FREIEG), FP FoRBOEG], 1 FN ACERE 7B

C. Eimy

B SCIg et 45 NVIDIA GeForce RTX 4070 Super
GPU #il Intel Core i5-13600KF CPU f#LEE Fikf7. XFF
A THAL R E PCDMs, fif AREG— R 512 x

512 . R Adam {fkgs, 2% (Ir) K 5x107°¢ | 42
BN 1x107° o YIZUEFTT 30,000 4~ epoch,
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JESLHG, NN B S P AR AR 45 . ek 1T
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Transformer fARAY,
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30 RINGRBEE T, WEMRIE— 245 5] 88.00 %, ILitid
i1 T T IR Inceptionv4 (60.00 %), [RIFHLSZIE T
85.44 % 1) F1 7%k, MHLT ResNet50 fif) 62.38 %. iX—
SRR DU R 83855 | S B A R 51 3
eur IR ORNE AN N e ) | NI E2 N S NI EA S
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e 24 3] B B R AL L PR M A RRIE 2R

TERUE T A EEIAE StateFarm EidE B2 G,
BTAMTHE—2AE AucDDD B FIFAGERAT i, PATE
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w77 prn, EEEPREER AUC-DDD R4 I,
JITHE H 1 5 YEAEAS IR R DI R B s A b I A T e A 45
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TABLE III
AR B3 5 Top-1 K52 (%) HUB

cutmix

Method Statefarm AUC-DDD
Top-1 Acc. (% ) Top-1 Acc. (% )
AugMix [10] 40.67 £+ 2.34 33.44 + 1.82
Manifold [41] 39.46 + 0.37 32.56 £+ 1.60
Mixup [12] 39.67 % 1.90 32.96 + 1.73
CutMix [13] 39.78 + 0.94 33.97 £ 1.45
PixMix [l 1] 33.44 £+ 3.00 29.10 £+ 1.25
PuzzleMix [4! 41.37 £ 0.82 34.42 + 1.28
GuidedMixup [16]  42.45 + 0.54 35.63 + 1.17
Ours 54.67 + 1.23 40.67 + 1.12

¥51E AUC-DDD #flnfe ERYA R, I H-51E StateFarm
W de EE R ML R T — 2.

2) BAEIGIRILI O T ARIEAE PR ) PQ-DAF
T 3G i /N A B 5 AT R R R A R, FRATAE A
ResNet-50 1 A B MEBIBL AT T %F o PP AL %P4l 4 &
TRz RN B EARI AR AugMix, Manifold.,
Mixup. CutMix, PixMix, PuzzleMix fI GuidedMixup,
XEERORTREG T 2 FP5RmS, W RIREG . 1EEFRE
AT ) B R . AR Top-1 43 SEUERGRAE N £

pixmix

© 40

Top-1 Accur:

origin 1:0.5 11 1:2 1:3
Synthetic Data Ratio

—e&— MobileNetv3 —8— ResNet50 Inceptionv4d ConvNeXt

—&— MobileViT  —®—FastViT ——PVT

Fig. 3. RFEEEANGBERR & T B

BLERR, PAEAC RS T R R e

Z 111 2B, FRATHE B 5E 5 7E StateFarm Fl
AUC-DDD %i#ia4E I 2 3500 T LR LA 1) 32 i 10 5 SR s
BN, £ StateFarm $¥idE B, AT TSI T 54.67
% 1) Top-1 ¥, X FLEE — -1 ¥ GuidedMixup (42.45
%) EEa 12 ANE . EE AR AUC-DDD
BEgE b, AT IERAERL 40.67 % 1) Top-1 K4
So, T HARE R R . AR, BRNEK
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TABLE IV
TEE SRR A AR A IR A 2 FRIMEREEL R (10 YORBIRE)

AR EERYPERESE T, (EAR TR B S R A B DA
?é ST, B G EL B S, K R

% KRR R, P REREHZwGRL . I,

Model Params (M)  Real Onl, 1:0.5 1:1 1:2 1 N N N
MobileViT [35] 0.95 17.33 - 25.33  28.67 25.33 22. ResNet50 (25.56M S%1) FEHSS AMILHIY 1:0.5 Ik
obileViT (1o1,Rra: . L3¢ . . 3¢
MobileNetv3 (Iccﬁ)m [34] 1.53 16.67  17.33 18.67 19.33 %J 47.33 % WHERRE, MTE 1:3 B EFH3] 59.33 % £
FastViT qorrra2) [36] 3.24 24.67  28.67 30.67 34.00 34@5? 12 AT/ . [FEE, Inceptionvd (41.10M &%) 1y
PVT 1oy 3.41 2667 3133 3867 4600 46.0) .
o L s e omas s s ssdlEWRRM 37.33 % fREE) 58.67 Y%, MM TS 21 AN
ResNet50 cvprie) [3] 25.56 36.67 47.33  54.00 56.00 59 B E BRT ﬁ@i*ﬁﬂﬁﬂm %E‘iiéﬁ‘zﬁﬂiﬁﬁﬂﬁﬁ
Inceptionvd s aariy) [35] 41.10 26.67  37.33 47.33  52.67

Note : Real Only indicates using only real samples; 1:x indicates
the ratio of real to generated data.

aeR IR Mixup. CutMix F1 PuzzleMix 7834
J:E’J?F*‘T“ JRHAE 30 % idy, XRUIA WM HEREZER.
XUELEIRFH], AT IEAERR S AL ) Az A 1 R
TIMEEAAR . XA REIH BT FAT0 7 AR U th e A B
Emﬂ’] B B BN SRR, (A RE SR DA

S AT AR VRS B, AT SE IS AR SRR P AR
Jﬂj% FATRME T B T PuzzleMix 1 GuidedMixup 2
AN T AR LRGSR R B T (BRI S8 5 2 7
TEAEAS R AT ) AN 2 Fos, AT T EFERAE T
S T EE A E AR TSI T BRI 5 AugMix
M Mixup S5 EAE, FRATHIGERFEALRE: T AR SIE
AL TG, R TIR A Dhsg FIiE SO o A,
5 CutMix 1 PixMix 74z B H AR BERIE0E T KA 1LY
*ig*ﬁ Ho, FRATR A B T A T A M A 4 S A T A
P
3) ARG 3 AR M Ak 0 Fom o LSRIS B AETEAN
TEMARE I 5T mnE%%ﬂAJﬁﬁ%}%E’J Zw, Hp AT
YIHPIREARIEE AR, I 1) PQE-AD REZLAE 1Y,
() AR TR AL M B T A 2k . BRI S, 7E
BAEH] 10 MERRRE T, RATERT MobileNetv3.
ResNet50. Inceptionv4, ConvNeXt, MobileViT . FastViT
A PVT X EA F A BUAE AN [A) B 52 5 A A8 H Bl
(1:0.5, 1:1, 1:2, 1:3) R4 2EUET .
R IV FE 3 fros, 8 10 Wikl E T, B4R
PSR AN [ L B3 1) B SR A RS 1 2 P B
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TABLE V
i ResNet-50 51 4 {4 4 BB HERR 1 b4k

Method Top-1 Accuracy ( % )
PQ-ADF A 45.67 £ 1.57
PQ-ADF B 43.78 £ 2.31
PQ-ADF C 49.92 + 1.31
PQ-ADF 54.67 + 1.23

Note : All models are evaluated on the same driver distraction
dataset with 10-shot training.
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