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tasks is an important topic in computer vision research. Knowledge transfer becomes more challenging in
open domain due to poor data conditions. Many recent multi-modal pre-training models are inspired by natural
language processing and perform transfer learning by designing prompt learning. The paper leverages the
comprehension ability of large language models over open domains and proposes a domain-context-assisted
method for open-domain behavior recognition. This approach aligns visual representation with multi-level
descriptions of human actions for robust classification, by enriching action labels with context knowledge in
large language model. In the experiments of open-domain action recognition with fully supervised setting,
it obtain a Topl accuracy of 71.86% on the ARID dataset, and an mean average precision of 80.93% on the
Tiny-VARIT dataset. More important, it can achieve Topl accuracy of 48.63% in source-free video domain
adaptation and 54.36% in multi-source video domain adaptation. The experimental results demonstrate the
efficacy of domain context-assisted in a variety of open domain environments.

Keywords open-world action recognition; transfer learning; large language model; multi-modality

Funding This work is supported by National Key Research and Development Program of China

(2022ZD0160505), National Natural Science Foundation of China (62272450)

it

1 35

AR, A% 2B E S AR
R B - SCA S BEAT X L 22 ST O 2%, 2%
FAGAESS LB s IERE RE . A I
5K B RN AR R AT IE RS 27 5] I BTN AT A
W U ) — N ORI . CAT AR BT T R
REERAT AR BT ORI GU, IFEZ A
AREta s LR R R

TERMBE S rp, B8 R AR R
UL PERE, (AL W TF OB I = A 855 5
ZVHUHE AR, AEAE R . IR 5%
o, PR 2 R AR R L R
o, RN, BN ZRE0E S5 U R 5
B A 2 AR T RRLE RS . 1
bh, EHRF LR T Y, B Db T
A MBS ST, B 08 B 38 T A A R R
ZE SRR RCR A R, A0 A I B g A5
AP VERE R TR I WA R R S5 £7 1 S p b

@, AW — A B AR R — R
TR ) N, DUBR T 2 B Tl SR LX) T
S AL A 2 95 TR (A 7 1 AU TR 12

FEAT AR AT 55 v B 22 48 Tl A A
BF, 38R B R bR 2 AR B SAE BN
Hir. SR, KRR A2 — O H iR .
filhn, FEREEIEL R g KAT A AL AT LA AR
IR fIE “MEK” , RRMER “X2—1
NAEWG KA, BUEARR) “ NAERRIE 5 T
KK o A IE BT AR T R ) 45 R
FExEEY, SRR CAML, TS
[T AR 7R BLAR BEAE — i 1% B bR s 22
5, HFShgEFEN HAELUEH T2 K0, i
W B E S $RR 2 51 BARAE — e FE S LA
7 IR AR, H A TN T TRO8 R 28 37 5T
B RARIR G R

TR I RS 5 B8 (large language model,
LLM) o 1 O F O I EAR A ST . AT
T I A S B AR A B AR AR 2 N ) LLM



6 31 VRIEM, S5 BT USRS B BT TBOEAT iR ) 33

KEFNEFRZER LT UEE. BAoRUL, A3
P s R S BT VAR LM 6B AR
ZERATIRN AT, AR B ARSI ik
ENH AN, DAIERECE & H AR S BN 303 B
ZEaniA . W BT, AR AR AL AT
B VR R A S S5 N RAT A ) 2 4EH R X
5, MM &R EEME. BT LLM 245K
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LLM ¥ B SUAAE K

e 1. Hold tt tightl d slowl
- . Hold the cup tightly and slowly
Idrmkl pourlwalk| puShI I lift it up while maintaining I
balance in the dark.
2. Tilt the cup in the dark to let the
water flow into the mouth.

[

Please describe the actions [CLASS)]
might produce in the dark scene.

i
oo

LLM

1. Tilt the container slowly to pour ’_>
the liquid into the target
container.

2. Pick up the container and sense
the position of the liquid and the
angle of tilt to avoid spillage.
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Fig.1 Domain context-assist process
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TO883ET 12 210 Transformer '© 424, 15 XA Y
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i, W 26 ANENTESRRIR 20 258 MU B
SFVDA Daily-DA & —AN IR I6E M 1 SR,
4 MRS IEHEIE4&LE T % HMDBS1RY
(H51) . Moments in time"* (MIT) #l Kinetics
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EZBE T, WA T B 2 — A R SR A
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WS SFVDA 0L, (HTE 2 IRAATUEIE B 1) & 2
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BT M BAT NIRAISES . £ 1 2R T ARID Al
Tiny-VIRIT 45 4E FIsEI0gs R, 88 BT
SCHEEN S R RS LA R T CLIP 14T iR
BT T R, B 1 RN, AT R SO
BERI N5 N3 SRBL T me ikt Bk,
TE NG 50 ARID B4 b, AHE AL 7710
Topl #EHIZE N 71.86%, 52 HiftEMH XCLIP®
JIiEMILL, RET 4.54%. EARD PR RN
Tiny VIRAT #4ls4E b, ABFFT 75K~ Bk i %
N 80.93%, ‘52 HIHALH Frozen CLIP™ J5 i3
b, 18T 1.60%. FRSLIGAE AR AUk LT
SCH B E A FE 42 R T S 2 T 8 P 0k 2 S
KBRERET,  FA ERTH I ERE .

#F1 FREITRHRN S KNEER
Table 1 Result for fully supervised on open domain

action recognition

ARID TinyVIRAT
T 735
Topl HERIR (%) FHIRETR (%)
ActionCLIP®! 67.15 77.82
XCLIPR®] 67.32 78.80
Frozen CLIP? 66.22 79.33
Atk b T SChH B 71.86 80.93

4.3 FTIRPSIGUE Bi&E AT IR A K
AR SR A R SCAR B T i 5 2 R Y
— S T AR A AT 1 3% N 5 i (B SFDA MY
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251 ActionCLIP F&E R . Sk b F Ciihk
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B IEF LR LT BRI A, B S A B bR
(1) G M B A A B O AR 2 AT AT RS 22 2 .
* 2 P, AU ETROCHIBIAE 3 NSO E B
AR 7 fefEvERE, HLBHR AL T 2 B B eI 808 B
T, ERARRPEIMERE R bR b, Ak bR S
B T 2 B FEM 775 . B LR Bl 2 S Tl
SRR IS IS N s T R RRE T . 64,
I LLM 3 R SCARAE NGB, A 5T B
R LA B AH [F) 20 5 2% 1Y ActionCLIP [ TERELF,
—BUER] LLM 3§ SUATE 5 By A B 1 37 3 22
BRI s N AT A 5 21 7 T A R
4.4 ZIFEMSMGUE B &R T AR A SLIE
AHIEFERT HE T B T A B SCR B T
WAL B R TS e R I T, BFEET
A Y (adversarial-based) L T4 4 22

S 43350 (discrepancy-based) I 771, N ARAEVEAG
I, ARGERR T 548 7 7712:R FAH F
FEF MK ActionCLIP J7iAM TR S R, 5
AHFFE 75—, ActionCLIP #7) J: 75 Y5 44
AT ISR, RS IEF SRR T RRARE, H
A E Fris i oo B s A2 B P AR 25 3R AT I
%3], 28 Peng &V HIMME, AT T AEM
7] Y 28 ML B N AT 5 IXSEER I Topl ~F35{E FIFR
i 22 . W3R 3 FioR, ASCITEAE A X B 72
IR AE, IF LR BB TR k.
EAFE R A, B AE A R A [ (0 Tt 1 2R A5 2 )
oL, @ LLM R SOR MBI, A5k
SEHL T AANE) 2.25% WITERERR . RIRSE AN
MR T 2 A T 2R ABE A AE TS SR o N 3
IR oRZ ARE ), IERH T LLM ¥ B SUARLE
I AR ) S B A B E FH
4.5 HRALI
4.5.1 &g b SCAHBE S A prompt J7iEXT L
T AT b SO B T IO P A T
VAT J o 5 4 |1 E R R 5 ) D7kt an
R4 P, HARHL, HAC T LR LR RS . B
P SCARFR A NSRS 2 5 N s FBh i)

3 2 Daily-DA FTiBEM 54U IE RN BYZE R

Table 2 Result for source-free video domain adaptation on Daily-DA

Trid: AT TCR

Daily-DA ##E 4L LI AE A (%)

K600—Al1 MIT—Al1 H51—Al1 FHIME
DANNI#! X 21.18 2281 14.20 19.40
MK-MMD! X 21.66 21.02 20.35 21.01
TA3NLel X 19.87 21.57 14.38 18.60
SFDA!! J 12.57 15.96 13.08 13.87
SHOTI42! J 12.03 15.28 13.50 13.60
SHOT++47] J 12.57 14.90 15.98 14.48
MAI4I J 12.76 17.75 12.90 14.47
BAITI4! J 12.69 16.93 13.65 14.42
CPGA#! J 13.06 18.08 13.14 14.76
ATCONI2 J 17.21 27.23 17.92 20.79
ActionCLIP!®] J 47.89 48.59 45.20 47.22
A b SO B v 48.91 50.00 46.95 48.63
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#*3 Daily-DA ZiFEISNGUE B ENAILS

Table 3 Result for multi-source video domain adaptation

on Daily-DA
Daily-DA ##i 45250
i ik PIMERE (0%)
Daily—Al1l
s-DANNI#4 Adversarial-based 22.034+0.35
s-ADDADBY Adversarial-based 22.3040.21
s-TASN0] Adversarial-based 21.76+0.16
s-ACANP! Adversarial-based 23.44%+0.16
c-DANNU4 Adversarial-based 22.15+0.33
c-ADDADBY Adversarial-based 22.65+0.25
c- TASN6] Adversarial-based 22.244+0.20
c- ACANDBY Adversarial-based 23.954+0.28
MDANZ?] Adversarial-based 23.754+0.38
DCTNE3] Adversarial-based 24.94+0.36
MDDAFEF4 Adversarial-based 22.73£0.26
s-MMD[#] Discrepancy-based 21.6240.22
s-MCDP3] Discrepancy-based 23.8040.28
s-CORALDP®! Discrepancy-based 21.51%0.15
c-MMD[#] Discrepancy-based 24.28+0.36
c-MCDB! Discrepancy-based 25.681+0.28
c-CORALP! Discrepancy-based 23.96+0.16
MSDAB7 Discrepancy-based 24.98+0.12
MCCPB® Discrepancy-based 22.65+0.35
MOSTB?) Discrepancy-based 26.28+0.46
M3SDAIC0] Discrepancy-based 24.83+0.23
TAMANI¢! Discrepancy-based 29.954+0.35
ActionCLIP®] — 52.11+0.99
AU _E R S B - 54.36+0.83

T4 SHMIERGIEREE

Table4 Comparison with other prompting methods

Topl HEHIR (%)

Jiik
ARID SFVDA MSVDA
w/0 prompt 67.34 46.92 51.96
FLER 67.15 47.22 52.11
CoOpl2¢! 68.21 47.56 52.42
Atk bR S B 71.86 48.63 5436

MASER (FEARH /& “A video of person doing
{label}” ); HBMLIIARIRIR Y 2] J7 CoOp.
SiRER, WIS AT T IA A
A ERAET, AJ7RAE ARID Hdlafk b

WG T 3.65% MHEWIRSETH, £ SFVDA ¥E K
EE T 1.07% H#TE, JFE MSVDA BLE T
BT 1.94% HI3RTE. XLEGE SRR 7R A LLM
P RS I A0 L JEE AR R S AR B 7 X B e AR TR A
TP IBEAT J9 IR 9] Hh (3 A% 5 2] RE 3 A0 I B Y
HEME
4.5.2 SCRLEREARSR A A1

AR SO A SR AL RE RS2 REAT TP
filio AR S, BT AR SO RA— A8 A5
% M BENLRTAG A A e i JR A B SR G
R e A B AR 25 SCAS KT8 SURFAIE . IR 5 B,
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Table 5 Ablation experiment on the effect of the

text information
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o .
pick X push X
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A video of a person consuming a liquid from drink A video of someone raising hands and touch pick
a container. the object.

T &5 Tt 45 R
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A video of a person transferring a substance pour v A video using the arm and palm to push the
from one container to another. object.

. m .
jump X jump X
+AUE SR

A video of a person making a waving gesture.

push v

RN N
A video featuring someone taking strides in a
steady manner.

walk wave
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Fig. 2 ARID results visualization
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