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Abstract: Objective Teaching behavior recognition has a wide range of applications in the field of smart classrooms; in

particular, the state of students can be analyzed in real time, and teachers can be provided with accurate feedback on teach-
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ing behaviors to help them adjust the teaching rhythm and improve the teaching methods. In this way, the efficiency of
classroom interactions and the quality of knowledge transfer are enhanced. However, in the actual teaching scenario, the
promotion of various teaching reforms has resulted in the emergence of new interactive and technology-integrated teaching
behaviors in the smart classroom, such as collaborative group discussions using tablets and students displaying results on
whiteboards. These new teaching behaviors are different from the traditional teaching behaviors. Moreover, the annotation
sample size is quite limited because of the cost of annotation. In such a situation, ensuring that the model has the ability of
few-shot continual learning, i. e. , to achieve accurate recognition of new teaching behaviors without catastrophic forgetting
of old teaching behaviors, becomes the main challenge of this task. Most of the existing few-sample continuous learning
algorithms are based on pretrained visual language models (e. g. , contrastive language-image pre-training (CLIP) ), which
are fine-tuned to match image and text features through a fine-tuning network. However, these studies often ignore the fact
that behavioral labels such as “listening”, “writing” and “using a tablet” contain rich semantic information in themselves.
For example, the label “writing” contains multilayered semantic information: From the basic semantics, it refers to “the
action of a person who holds a writing instrument in his/her hand to record symbols on a specific carrier” , which includes
the sequential action logic of “hold-move-leave a mark”. From the behavioral entity, it involves the student subject, the
objects such as pen, notebook, tablet, and the interactions between them, e. g. , “student—with a pen—on a notebook”.
From the scene perception, it refers to the student writing on a desk in a classroom scene, which is a rich presentation of
the deep details in the behavior. However, most existing algorithms simply match “writing” as a single text label with
image features, thereby failing to parse out the action logic of the underlying semantics, the interaction relationship of
behavioral entities, and the contextual associations of scene perception. Moreover, these existing algorithms have a weak
understanding of the deep connotations of the behavior, thereby leading to difficulties in understanding the behavioral
actions of the model. Thus, the recognition robustness of a scene with few samples is affected. To this end, a scalable
chain-of-thought-guided (SCOTG) algorithm for continuous teaching behavior recognition with few samples is proposed.
Method We generate detailed descriptive text about the behavior labels through the chain of thought, expand the semantics
of the behavior labels for mining, and extract the structure (subject, predicate, and object) of the ternary knowledge repre-
sentation to condense the structured knowledge. In this way, the key entities and relationships in the behavior can be accu-
rately reflected, and the model can deeply understand and identify the behavioral actions. In the stage of “association” ,
the three-stage Q&A of the chain of thought is adopted. The first is the basic semantic level, which allows the big language
model to identify the subject of the behavior and the location of the occurrence by adding the necessary nouns. This level
also converts the behavior label into a basic sentence. The semantic extension at the entity interaction level follows. It fur-
ther emphasizes the interactivity of the behavior by introducing other visual entities related to the action. The final and third
is the semantic extension at the scene-aware level, which allows LLMs to generate detailed scene descriptions, capture the
dynamic changes and reactions of the subjects in the scene, and enrich the details of the behaviors at a fine granularity. In
the “refinement” stage, the large language model is used to extract the triples in the sentences, condense the knowledge,
remove redundant information, and make it highly structured. Meanwhile, the concise knowledge of the triples makes
being handled by the text encoder of CLIP effective. In addition to the scaling of text labels, the SCOTG algorithm designs
a multilevel cross-modal matching mechanism to calculate the similarity matching between different levels of ternary textual
features and multilayered visual features of the image. This algorithm also employs a hierarchical weighting strategy to set
different weights according to the contribution of each layer of features in the behavior recognition task and obtain the total
similarity that is finally used for classification, which takes full advantage of the knowledge of the ternary group on the tex-
tual side of the hierarchical semantic structure of the text-side triad (e. g. , base action triad, entity interaction triad, and
scene perception triad) and the cross-modal associations of the image-side multilayer visual features (e. g. , low-layer tex-
ture features, mid-layer part features, and high-level scene features). Among them, the matching of the base action triad
with low-level visual features can capture fine-grained action details such as “grip-move”. The matching of the entity inter-
action triad with mid-level visual features can strengthen the entity relationship recognition of “subject-interaction-object”
and the matching of the scene. The matching of the association triad with the high-level visual features can correlate with

the contextual logic of the behavior. The model can understand the nature of the behavior from semantic to visual dimen-
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sions through this kind of multilevel accurate alignment. Thus, the model can effectively make up for the defect of the tradi-
tional single-feature matching, which is insufficient for capturing the deeper associations. Compared with traditional meth-
ods, the SCOTG algorithm freezes the backbone network for pretraining the visual language model, scales only the behav-
ioral labels, and reduces the computational complexity by training the visual language model through prompt learning.
Result Experiments were conducted on a classroom scene image dataset with 32 behavioral categories, with seven methods
being used for comparison. Compared with the model with the second-highest performance in the three-way five-shot task
setting, the SCOTG algorithm showed an average accuracy improvement of 1.98% in all tasks, and 1.36% in the final
task. Under the three-way three-shot task setting, the average accuracy in all tasks of the SCOTG algorithm improved by
1. 03% compared with that of the model with the second-highest performance. Under the three-way one-shot task setting,
the average accuracy of the SCOTG algorithm is improved by 0. 78% in all tasks compared with the model with the second-
highest performance. Conclusion In this study, we propose an SCOTG algorithm for continuous teaching behavior recogni-
tion with few samples and design a multilevel cross-modal matching mechanism. Experimental results show that the proposed
SCOTG algorithm effectively improves the model ” s understanding of teaching behaviors and enhances the model s ability to recog-
nize novel teaching behaviors in sampleless scenarios. The code is available at https://github.com/2002zlj/scotg.

Key words: teaching behavior recognition; few shot continual learning; chain-of-thought; large language model (LLM) ;

vision-language model (VLM) ; multilevel cross-modal matching
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Fig.2 The overview of scalable-chain-of-thought-guided few-shot continual teaching behavior recognition algorithm
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PEXTIN SCAHRN Jf i

LS

P, e R, p, e RV 1 <i<L,L2RGERm&
MR, d, 2 CLIP MG St 25 (0 A ) e 2

IS, A SR M A, 4 2 ) AL ERfoft P66 3 40
IEMAE SR T 56T B 028 080 1 sh A 4 i A -,
HARHy

A
| €[ SR 5 2R, | €, R E

(28 AR 3 2 46 R o, ShAS TR ] 24 2] B4
ASE TS, LT LRI 2 AT 55 1 S 8O B i
18, SPEEHT AR 2 5 IHA R . BRI R
o K] 24 3 Y HE R ) 2 P R 2 L, S5
R eb BE A T 400 T, AR Ay
)

(3)

= >
%, «, %, (t=1) (4)
oL aL,_,
RN
a6, @ ) (1 ) (5)

,,,,,

LRSS (B Beit i 2k R
1.4 ETAMA%GE 465 SHITAREEIZHE
TEHCEAAT R BB b, 5 ah B A7 O b 268
I Hy B — 1) By 1) R A S iR T . AR, AT
WA TN SR e AR 2 A KR 44 Al
ML B BB o B AR L AT U, X sl MEA T
i SO B BE ) AP e R R o B A X L8R
LT B AT AR A B 2 5 3 F 1 2R IR TR

m

ESEESTPN TR

—il

P BFAE

& g

—l

SCAKFIE

4

SCARHRN 1]

HfhEE

K3 R I i

Fig.3 prompt learning module
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BIKE, XNE, RKK, HL#E
MEBXABZI R 25 . I (R4E B 4EGES| SR DR EEHFIT IR

XAF B

PUE 7k — AT AR A A, RIS SR, 2
5 “FE TR R B T RAR R E AR AT
FFSICRMEIE" B B —R o — IR Y%
Sea VR MAT SRR W R R I 2
ICAMPAR A Z A, L BT Z AR EAEHIE &,
s M2 B IEA 7 N g S
T HEAE SR E AR BT (AN 3R ) 25 (B B
(o) B G , x4 bR SCAn S R T AT
N SEEEFIR . IR, LA TE 2R BT IR
B g B — SO 5 MR AR AR AT EAE A T2 T
B o XI55 R BEA AT FM AT bR 2 N AERY
SRl B VR i SRR S B AR L R BT S
IRHK T R TR RN AT O R 2 AR G A S B
fifp o IR A O BRAS (L T B RS AT N B EA B

B AU & R R AN AL fiE

BT LA B R 2 B ZR s 1 S RO (A
CLIP) 7 5l i) BRAfF RE 19555 (A2 2447 0 RAEZ FR A
RICRAE BRSCR AR T 34> B ) A, 2 H 9 SCOTG
SELBIHTIE LT | AT 5 AR 2 A 5iR R T SCAE il e
HRETT . SCOTG MIAZLAE T Beit 17— Ffml i 46
REYERET | R HLE] , B 7EX AT AR AT IR TR
SCZHRS Y g o b m A 45 ™ R AR B
S AT SO B () 530 (A7) o 12
TR LR SO RERS YT AR UL S A2 A
PRACH AN G 5401 9 2 J2 A  TE s 2 R BRITR
FOES I RE S MR R OGBSO R . HAR R
UNTEL 4 FT 7, a4 1Y) 3l 2 984 3 A A A T A
{0 TR v | S v RO Al $E AT D O AR R AR, AT 22
FHIETHE AT O I RALBE S AR AR S 5T AR

AIFEHRAE A, B DREARY = N B HIss TR GiTRRE.
ﬁﬂ?ﬁ%: Prompt 1: Expand the verb [using computer]” into a full = %
[using computers] sentence by adding the subject and object. ‘ ., -’
[writing] Answer: The student is using a in the classroom &%) .,J"
[reading]
(student,using, )
Prompt 2: Enhance the sentence by including objects or people _
directly interacting with the action. ]
Answer: Students use computers at their desks in the classroom, . .
tapping away at their to take notes and interact with & @
- the students around them. = ‘ - S =
=570 (student,tapping away , )
Prompt 3: Describe how the person is positioned or interacting P %ﬁn " H T# 1\
I with their surroundings while performing the action, including 7 ) o E. m
LE St small gestures or reactions that reflect engagement with the = . =
“[ﬁﬁ%ﬁ%ﬂ;&g&] classroom setting. — &=
[i{zkfgﬁzﬁ] Answer: Every so often, the student turns briefly to exchange a <@ LW
= E%iﬂéﬁ] few whispered thoughts with a nearby, who points at (student,turns to, )
Gl something on their own screen.
XA R (1) HEUA R )

4 BTG GRS | T BT AR AT S
Fig. 4 The pipeline of chain-of-thought-guided behavior label semantic mining

R BEAZIRAT AR 2 B0 22 R U SUE BT
M B R SCOCHK, SCOTG B AR 4k 7 8 4t
i I B ) — B aRaS AL IR & e, 515 R S
AT S B AR AT b 25 A TR A TR SOAS , S B
SCEZ ALY

BRI S TE Rl R, SO A4 gt
B, BRI 7 R B T o kb se i ZEA A7 0 A M
Xof G2 K s () o i 5 G B 44 AR M L, o TR I F9 7K
P28 5 A g — AT S 52 B A BE A Rk ), DA T B
AR B O PA T2 O 5 R 3 7R 4 7 1] Hp A
RZLNE) BRI

prompt, = “Expand the verb ‘[ ]’ into a full sen-
tence by adding the subject and object. ”
text, = LLM ( prompt, ) (6)
W5 7E SR B2 9%, 85 R 5E 1 B R
i, 51 R F BRI 5 AT 24T S TG
FR G A A 5 SR (A T PR 2R IR 255
A R 220 I R AR 2 ) A KA [) A 2 ) ) 2l 2
EHRZ QIR CRAET ST SR T oA R
ErP A S B RRAE , BAR R AR IR
prompt, = “Enhance the sentence by including

objects or people directly interacting with the action. ”
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text, = LLM(promptz) (7)
R ARG SRR, b — P il i S s 1R SR 5y
R B R E JRAL 5 AL PR SR 5 Bl A 40 1Y
G s AT R AR I BRSPS ) A SRy
HRITR, L B2 5T A sl 128 b 5
FCRE, BN AT g bR SCHE AT AR B AR
g, B R
prompt, = “Describe how the person is positioned
or interacting with their surroundings while perform-
ing the action, including small gestures or reactions
that reflect engagement with the classroom setting. ”
text, = LLM(prompt3) (8)
TEIE AT b 3R R R IBCA T BBl T S SR AE B
Lo 5 R 31 4k 1 22 )2 0 sl i) 1 SCRRSCAR
text, \text, \text, Jii , SCOTG Mt —2&F FH K iH 5 A Y
SRR Y AR SIS S5 A AL RE T, DA AR B 43 34 145
A ORGSR IO Lo Ty CETT, TR B2 (L7,
)R XML = Je L AHR, Bl eriple = (S, V, 0)s.
BN R BT A BQERR T IR 1R SCAR TR T
R BRI, B S 2R B A AR 5 A
by 5 FE S5 R AL 18 SCWRA ) HR SRR BRI 72
wmr
triple, =(SI,V1,01)=LLM(tele) (9)
triple, = (52,V2,02) = LLM(textz) (10)
tripley = (S5,V,0,) = LLM (text, ) (11)
XA =T 2 BE 2R U AL BLAT 3R GK T
R RIEM A A, B B2, Hom B A 1Y
R 3 R TR SR 2 2 i 2 5 IO R B
T AL CLIP 1 SO 4 i 25 A R AL 11 57 0 345
AT IR X IO ARG R A R SOAS Y B AR PR, =
JUZH FHH R A% B e R CLIP SCAS G % % 4 5 O
A SR PE R RRAE ] 4, T AT 8022 ik CLIP 58
TEAL BRI Fe R SCARTE: SCIN AT BETHT I (4 RS 5 15
SR T, Ay Jim S 04 5 RS DT IRE -5 17 P B8 5E
R S EEA
1.5 ZEBHESLEEKER
SCOTG M P 15 2 it i ) AS [m] e )= i BB %
WG RFAL S, foo foo S, I ) 2D BRIOSCAS 3 45 e
28 RTARALH AR U 2 2 U0 = JnH B SCARFHIE
Foofo o BEMC LR R T 22 s B S I L
il 5 7 S B BRSSO S AR T SUR /Y

KA XS5 o AL A AZ O AE T, 23 S A
AN 2 58 GRS SCAS AR I J2 8 s S i
FHEZ R AR B2 AR, BAAR K
o __ LS
cosine_sim( f,, f,) ‘ s H y " I "

BT, FEAh 2 R E £, B 5 Bl TR L2
SCARKFAE £, HEATURHC ; h 2O FRAE £, 4 5 SR 58
HRSURFHE f, FEATVCIE ; = R LSRR IR £, # 5 5
SR ZOSCARFE f, HEAT DR IC , T 42 Ry 58 HRAE £,
W) 5 5 deky B A DA s 28 X 0L 8 SCAR SRR AIE f, 3R 47 DR TRE o
U N LU S R R R N T E S
JZ ERTE OCHEK

B B[R] 2 SR AEAUAS [ 2 0 i SC
P i = U SORRFAE X T e 247 MU 55 14 331
P STRRAF 7 135 22 5, SCOTG HE— 25 51 A JZ U NAY
G R o ARIE A R RAEAEA T R A 55 i DTk
JEE BB N ] (A, A5 3 e 2 H] T4 28 1 AR BURE
N
sim = cosine_sim( f,,f,) + « icosine_sim(f,,,,fll) (13)

T, cosine_sim R R ZARRIE I, o 2 HIEF
AN [ AR AR R 2 e ) 8 24
TEAS B VG 200 SCASRAE 1) e AR BUEE
Jii W HAE R 254597 (logits ) s A 2 softmax PREL,
A AT R I AE R 5, B R
y = softmax(sim) (14)
A TE A, NI A B2 R &, SCOTG 1Y 5
RS DE P 2ok 752 7T D) 3L Ry — R e 2 48 53 26 (1-NN 43
FELHN X T A R FEAS, A0 2 50 ¢4 T 5
SCARFEZS 8] o B AR A AR 45 . o UG AR R
25 LSRG —BUME R p X T 1-NN 7326, A
RN HIEERRNew =1 - po HKIE Cover Fl Hart
(1967) $ H 1 fe L B 22 L F FHLIE , 1-NN2» 2407
BB IR R o Tl 2 £, < By < 263,00 T 6, =
1 = P(y'|x) s DM B A 20 R AR IR L y" =
arg max P (y|x ) A AFREAR x 19 B AR Z: . & hayes

SRR AR A B AR 3R 25 T A AR SRA Y
FERRARTCARTIZME . WX FHA « FIE iR
AR 2y YINEHAFE A T FE4F I, o0 Fll v 1 2 20T
F0, M) P(y*|x) = P(y*|xw ), A4 1-NN 32576« I
ISR A] LAFRIR R

(12)
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BIKE, XNE, RKK, HL#E
MEBXABZI R 25 . I (R4E B 4EGES| SR DR EEHFIT IR

ew =Py [x)(1 - P(y'|xw)) +
P(y'|xn)(1 = P(y']x)) =
2P(y'[x)(1 = P(y'|x)) <
2(1 = P(y'[x)) = 2¢,,., (15)
R, 1-NN 23 2 AR5 5 R DL 37 e L
B, RO AR, HBEE el 48— e ey, 5
PRESIRZNG TR T o
T LR AT A, B L AR AR A — b p

REA IR 1-NN PR AR IR R . SCOTG il it i 2
JEABE T AL 55 AN TR 2 A SCAR =JuHARDERE , fif
PR A AR 23 (1] HP B2 B 5 TE 8 2K 531 ) SOA
FEASEIT , ANIA 5 7R o 3R RE, IE B A SCARREA
HEATBE A BT 28 TR R (4 T AR A A AL
D<o, DT i 1 d T AR Bn 25— EOHE R p, BRI T
1-NN R BR R o, RN (19 i % R0 T 4230 DL 1 $8p
w5

B * SO < ORI
0.50 * [EHEFAE 0.0 * [EUEHRFIE
025F -02F . *
0.00f ® _o4l . I ©
o o o®
i 025 N B o6l o
® ~0.50F bl ’ & . e r
: L . 08F e .
075} St Bh e e
. ® c: -1.OF ®
~1.00fF = sl
125} i i o i i i L L 1 I I I I
5.0 55 6.0 6.5 7.0 13.25 1350 13.75 14.00 14.25 1450 14.75 15.00
i 2EPE 1
(a) SCOTG (b) CLIP

K5 SCOTG 5 CLIP {4 P SCRAIE S A % HE
Fig. 5 Comparison of text-image feature distribution between SCOTG and CLIP ((a) SCOTG; (b) CLIP)

S, S S AR A 1) v 3 s Ak , SR AR TE Y A2
S5 O PRE (cross-entropy loss ) VE AR T it 35 (A
EEBR . BREA R LA T 258 o P G A 2R
Ry, WSS SRR % pRESCE SC R

N
L==ylog(7,)
i=1

A, N ISRt U AR AR, 3, ALy, 20 2R
S U REA Y BLSCHRAE BB o A R R
BRI o] F KA H AR T S 25 AR LEE 75, [7]
i g /MEAE BRI B8 0, A Rt 5 | G4
PEAT v 2 i ) DA VN G, 4R THSE B A 52 2 A7 DA U
155 ERFIRIAG I Siz AL hE

(16)

=

2 X Iy
2.1 IWiIRE
2.1.1 Buide

AR SR B 2 AT o U R B 4 ARIC
(activity recognition in classroom ) 3& T+ LS PR A I ds
Yy e (Xu 45,2024 ; Chen %, 2025) , i 75 32 25

AT R, T BE (listening) | 2 2# (teaching) | fiff
FH HL K (using computers ) 55 o I 24 £ 251 A AE
AR AT IE 6 i o WAk, 1 Sk i
& B HEAT = ou 20 $2 MR TE M L 18 WebNLG
(web natural language generation ) (&4 (Gardent 45,
2017) o ZEHE A £ 5 DT B2 5 AR [ 2 4y =
TCHFEA, H AR = Jud BIRE N TARTE R A R T
BRSO, S = e SRS R IE 0 P S e A
TR S IR
2.1.2 YNk

AR CLIP-VIT-B/16 18K 3= T [ 4% , IR 7€
IR R 45 BB, BT A 2 HE SR LT PyTorch
I TERESEINGRB B, B8 7 ] 4055 20 M7 R 26
MEIEHE , #ER ST (batch size ) FIIZE5E IR (epoch) 43
B R 32 M S TERISUNLRET B, R AR 3
g2z 25, 7 APEAG T 3-way 5-shot ., 3-way 3-shot
S 3-way 1-shot iX 3 Fr i & (B0 RN 55 51 A 3 4%
), BT BIHRAE 5 38k 1 ANREAS) I Bt
ROF ARk g — B & 5. Firf I ZRBi B fd
FH A 2 i 1Y BE LS BE T F% (stochastic gradient
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i 24934303012 ¢ 5
o X 2 & 2 ) 5 &
3 £§§~§?~5$oé§>§§%£§% § é§0x§”s? i§%’§?4§§0<$"5%1§$i§? <§?4§w;§wk§wa§og§o<§?é§o §7<§w<§%2§§?g§;;§§og?
SIS IS ST TSS9 Sefdesds
S TG TSy ST TS g TS TEyFES 958
'F § §F F ¢ g5 7 5% ;
&5 S A S $ S ¢ 8
o & S Fg F & & &
S Y3 T 9 &
& &
5 ]

INZREEZE]
K6 bt Bl I SR SR A R o A

Fig. 6 Distribution of class samples in the train set of classroom scene dataset

descent, SGD) AL #% , FL Al 2% 2J K (learning rate ) %
9 0.003 25, A B 3 Jd (weight decay) & % N
1 x 107 %~ A9 J2 SR W 2 5 L T A 5% 0B 2k
(cosine annealing) 5 # & # J5i (warmup restarts) , H.
A RELT I T bR %71 (label smoothing)
R XT Z R RE M B BLS VR BC R B, A SCRIH]
BRI AT S o GO IE 2B RE R
ffifla=0.1,L,=6,L,=9,L,=11,H% L, L AL,
3 S IS E S BIRERL £, S, Ji I — 526
H A L BE R I B f, o AR LA GPT-4-turbo 5 7
(Open AT45,2023) X sl brs iF 47 1 A2 48 A =T
AR,
2.1.3 iFflidEbR

XF T AREA S AT U, A AP R
b, — e A AR 55 - B R R ACC,,,,, F1—
AR i — 55 - UNMERS 3 ACC,,, 2311
Joe R T A D Y S A B R M I M 3 S Y g
F1o XFF =0l HEE, A KR (precision)
[7] 3R (recall ) 1 F1 {H (F1-score) 3 MU 8 Fr o
2.2 KIEEHRBREN=ZTHLEER

Ry B K H A R AR = 0 2 AR U 55 b i
fiE, A SR F GPT-4-turbo 521 | 7E WebNLG 5 ffs
LM ITEAE FAE T JF R = u R I . e,
T i A O WebNLG K46 45 (9 F AR 5 $ifi i 3C
A th AL A ShRIT S A = o, BRI
PREERINZE 1R

x1 XBEHRAREWN=THIKRER
Table 1 Results of extracting triples from LLM

eI 1%
precision 80.13
recall 86.12
Fl-score 81.91

ML ELE R AT, GPT-4-turbo 7E WebNLG %54z
R = U B HUTE 55 rh R BT B A Pk e, A 1
& (precision) | A 7] K (recall) #l F1 {f (F1-score ) #B
75 80% A b, IX — &5 RAE ] 1R A kAT =50
Y HR LA 45 R 1A B I BB IS ) ST 55 42
PERTHE S
2.3 DERESEHFITAIRAMNIIEEEZIGER

KRR E Gy s B4 ARIC FkT T /0HA
BELLHUAAT RS SR, O 5 M e s Rk AT
XFH o 7E 3-way S-shot A LI IR B F A SO ik i 2%
Yo TR, N 2 iz, Ho ACC 3R 7R AT 55 ¢ 1Y
PR 3,0 = 0 RN ILRAT 55,0 > 0 KRR I HHAT:
% o RMIEARTIYIZE CLIP B8 [ iE RS BE 7, B Je il
T HEFEA (zero-shot) LI MERE . 413 2 K,
CLIP B AE BT 55 h B AR AR U o 1 52 A
24.67% =+ 4. 33%, 7 W] HAR SO 5 RE ) Mk LU N2
AT PO R . O T kB ERGE WU ZR CLIP B
BULE D AREA TR S 2047 AT 55 v 3 I, )
3T W48 54T 1 ity 320 35t 1) S0 (fine-tuning ) 5256
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BIKE, XNE, RKK, HL#E
MEBXABZI R 25 . I (R4E B 4EGES| SR DR EEHFIT IR

g5 R BAR B O T DATE 2R AT 55 R B AR
KEBE 77, 79% AH Bl A 15 547 55 64T, BB A9 1k g
LGB, 55 AT 55 BT S R AR X T AT 55
TRET 15, 21% , A7 AE ™ H ROGEPE BT, AH R
M5 A SCH IR R AT 45 107 2 R SR AR 6 T 32
ESAULTFET 6. 11%, AU T G IAR .
BEAR, W2 2 iR, 5% LS B, 7R 3RS

BN A A 55 v A SCRIE R B Y s B
£ LHERRI T HAr i TERE , S i i SR L 4 A
P, AR SCHRE R ACC,, 42 TF T 1.98%, iX JE/R T
SCOTG F5-32: % T4 FHAS AU A7 Ay 1) R A U0 e
HARK AT B, [F i, SCOTG BB :AE ACC,,, FTFT
1. 36%, 2% B AR SCH % 0T DU S50 DB 22 ) h
JEMEPE 152 R )

F2 3-way 5-shoti% B THIXFLL LG5 R

Table 2 Comparison experiment results of 3-way 5-shot setting

1%

ERTS ACC, ACC, ACC, ACC, ACC, ACC,, ACC,,,
CLIP-FZREA 28.45 26.82 26.13 21.63 20.34 24.67 20.34
CLIP-1#iM 77.79 73.18 70.73 68.88 62.58 70.63 62.58
L2P(Wang %5 ,2022h) 68.14 64.67 63.08 62.51 62.33 64.15 62.33
Dualprompt(Wang %5 ,2022a) 71.19 67.56 65.98 65.50 65.29 67.10 65.29
Privilege (Park %,2024) 68.79 65.29 62.34 55.87 55.21 61.50 55.21
ZSCL(Zheng%:,2023) 74.00 69.21 65.83 64.70 61.60 67.07 61.60
CPE-CLIP(D’ Alessandro %5 ,2023) 75.61 71.27 69.38 69.14 69.32 70.94 69.32
SCOTG(A3L) 76.79 74.09 71.84 71.23 70.68 72.92 70.68

T VL SRR 25 8 B A2 2R

ARICSCOTG LRSS T Wik CLIP SR Y 3=
FE%, R R R 5 2] (05 I DI SR AR A PR
(prompt) [ it , A LE TR 4w AY 32 2%, il 22
(4 T 53 BT IR R R R IR, BT 2 B X 3k 3
FiR .

*3 BESHEITL

Table 3 Comparison of model parameter quantity

Y el
CLIP-1#4 149.62
SCOTG (A 3C) 0.41

E IR TR R e L4

SIS — 2 T R IME S5 B HER R 4
R 7 FroR . WLLE R, TR R T S i 2
B AT 55 B B, SCOTG B335 (1A 1R 51 v ff S 0 22 g
oAt X L Bk | i 5 BE A A 55 i i, SCOTG ik
f 1 B s R A B AR T A B X T
SCOTG 53 7 5 B AR 70 o ff B A A T Ry Sh AR 1) [R) B
JEELT AR F5 (e AR ), A SOT- i TR IH 2803
(RN, R 1 ¢ MR 38 s ) A

A SCIA FETE 3-way 3-shot 1 3-way 1-shot X # T
PEAT T 5280 25 R NR 4 R S PIR . LR 2 R %
W, 5EA R i AH EE, SCOTG B TE 3-way
3-shot & B HRf SF 3 31 G HE 5 % ACC,, 2T T
1. 03% ; R AERE A B T R [ = (1) 3-way 1-shot 4%
7, SCOTG BB+ T HERE L, F-H 13U

0.8
\\\\\\
~— ! | 1 |
0.7 \ —]
—
3 0.6| —~— CLIP-ZFEAR
£ |- CLIP-#%iH
g |—122p
= 0.5 —— Dualprompt
lf{v Privilege
Y ZSCL
“ 77| —— CPE-CLIP
—— SCOTG(A )
0.3
0'2 \
0 1 2 3 4

55K B
7 3-way 5-shoti¥ # T &MT-55 i LU HE G T L
Fig. 7 Comparison of recognition accuracy in each

task of 3-way 5-shot setting
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Fz4 3-way 3-shoti& B THIXI L LI 45 R

Table 4 Comparison experiment results of 3-way 3-shot setting

/%

Bk ACC, ACC, ACC, ACC, ACC, ACC,, ACC,,
CLIP-ZFEA 28.45 26.82 26.13 21.63 20.34 24.67 20.34
CLIP-#iH 83.05 76.85 65.87 59.10 45.12 66.00 45.12
L2P(Wang % ,2022b) 68.14 64.74 63.17 62.59 62.35 64.20 62.35
Dualprompt(Wang % ,2022a) 71.19 67.51 65.96 65.41 65.39 67.09 65.39
Privilege (Park % ,2024) 68.79 65.78 61.78 52.55 47.59 59.30 47.59
ZSCL(Zheng % ,2023) 75.03 70.63 67.31 66.17 63.41 68.51 63.41
CPE-CLIP(D’ Alessandro % ,2023) 75.47 71.80 70.34 69.78 69.63 71.41 69.63
SCOTG(A3) 77.17 73.75 71.30 70.68 69.28 72.44 69.28

E R TR R % 5 e L4 2R

&5 3-way l-shotiZ B TR LL LG ZE R

Table 5 Comparison experiment results of 3-way 1-shot setting

1%

ERTS ACC, ACC, ACC, ACC, ACC, ACC,, ACC,,
CLIP-ZREA 28.45 26.82 26.13 21.63 20.34 24.67 20.34
CLIP-1#iM 83.39 71.69 54.28 32.53 37.73 55.92 37.73
L2P(Wang %% ,2022h) 68.14 64.61 63.02 62.39 62.27 64.09 62.27
Dualprompt(Wang %5 ,2022a) 71.19 67.54 65.94 65.47 65.26 67.08 65.26
Privilege (Park %,2024) 68.79 62.02 55.55 46.11 42.03 54.90 42.03
ZSCL(Zheng%:,2023) 74.12 69.25 66.22 64.94 61.82 67.27 61.82
CPE-CLIP(D’ Alessandro %5 ,2023) 76.71 72.41 69.91 69.25 66.78 71.01 66.78
SCOTG(A30) 77.25 73.68 70.36 69.78 67.89 71.79 67.89

T IV P SRR % 8 e A2 2R

W ACC, $2TF T 0. 78%. X SELE R T E T
SCOTG H 3 A8 A R RE A HURE (1) ANRE AR 2 3 {1 55 v
Bige kg HEA TS pybERe e Tt i i T
R APz fhRe itk .
2.4 HEZXBLER

J T VG AR SO TR A A R R T R S
(4D TF il ST 56, 330 B 91 il S 56 B S 7E 3-way 5-shot 170
FEARES A )8 P T, S 45 SR Nk 6 IR o
e, AN B YRR E ALY RAT AR 2 Kk
LLM XF A7 R hR 28 A T SR IR 218 LY, SR 5 R R
PR L SCh ) = ondl, 5 RE S RIS VLA,
PERNZE R, nFk 6 iR, AR B ILMIEL,
ANt R 4 BE Y T AR B FE ACC,, ERREAR T
2.23%,#E ACC,,, L HJE W3 TR T 5. 22%, X 3L

B JER BT LY TR FE A AR AT bR s R
(4 2Rl SUE B R SRR B e LB IR BY
AU B A7 Sh VR RN KM S . 205, R T 3R E
it FH =020 ¢ R AT TR BERax — 2B R A 3K
P, S8 P — 410, Fal it AR TA T bR
AIIRARD 7, LG 45 R AN 36 6 BTk, 5 58 A M
P, ol /D R BE 25 1 ] AL 33 5 7E ACC,, FACC,,, |
HI AT B, 20 2K T 0. 48% F10. 68% HIPERE,
XS B R = SR A R G — 45V TT LS B R BRAT
MR T SCP R TURTE RS B S AR 451 1k
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Table 6 Results of ablation experiment

1%
Fi 75 ACC,, ACC,,
TR Y 70.69 65.46
A= JTH 72.44 70.00
R 71.35 66.59
SCOTG(A3L) 72.92 70.68
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Table 7 Results of ablation experimental of different

LLMs baselines
/%
R ACC,, ACC,,
GPT-3.5-turbo 71.33 68.61
GPT-4 71.99 69.58
GPT-4-turbo 72.92 70.68
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