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B EA T 7 HED GEEOITHIRERRE, TR
YR D IR 772 C1TE) & IR R AN 2 i
T5—7, MEBHAEREZ AL LTHW S FiE
X, ANTOEMEDORENNCEAE T 2 EK & 72
5. AT, ZOLS5B ML —RAT7EENT
ZrERHME LT, ohs 2 BEoFEEHASD
52T, ELVOREZHOE S REEOEE %
Hig3. BRINX, A\YOITENCEES % LLM @
WA EH L, Bt —y = v MK
HADHT, LLM T— = ¥ b3 2 BEOFELZH
ABLT, NRITENCE - -IEREE %2 BERLGET T
57V =LV =0 %RET 5. EEBRTIXEERHRD
NETF =&ty FEHWT, BEFIEOENEZHE
L=,

1 ELHIC

KEMESFEE TV (Large Language Model, LLM)
CHE - SRRENYE ORENRESRZL, v T
E—XILVLLM & ZDZ L DIGAICKEE L2 [1,2,3].
<ILFE—ZIL LLM I LTT F A bz hn
ZTCHENEG 4] OATIDAREE 2D, 612, &
i ET L [5] ZEATHZLICLD, 7FX b
RLTHEAEEENLTaYa—KE ADa
22— arTELR7 ) r—a UypERE
NTW3 [1]. ZOFROHT, EFIH 2 RXILD
EEfRT O N OITE 2503 2N X DIEH S
NdE51rb, NeHHIET2a Ry b [6]
AR=Y [T, TR —=TA4 A F[8] LWVoT=H
ZL DBV TEHEEEMELTW3.

TEDITENRR AN, R - FEEHEAH (9, 10]
%38 U CEjE 2 & FERAER & D b L 7= R % 1
BTE2E51Tko7z. 2, /1 v &X—xv L

w HEGFEFICER.
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WEBXNFEE TXF A DXy o a v ORE
DRTDBHREZREEELR T -2ty s OREZ 2T
TW3. EHRINREITSEHDIAADZEMICT
FTARAYFEINTWB D, ZHkS — BT
Ty @B TYaY gy M TOITEIERER AT
BErleol-. Zo¥uyayv MERIC X - TIREW
RIS s Gl TE 2 X 51Xk o To—0, &
BRELBRCER SN2 REOTULMED, HHRED R
NR=AWFxx T a vOHEHICREIND. ZOR
RUIBMERER Y a — Moy MER © UTHEERL,
P ROITENORBUC B R ORI R CFIE L 2T
mONE, VIR OERGRE E T ADEYE T S
I B [11]. Bz o, ATz < @E
DOHERNE Y XNEZRF<—727 [12, 13] IZBW
THREMERT 2HR e LTHEZRINTEL

—77, EfEMfRE B L7 7 a—F 25NaEmf
REXNTED, BE~N—2FE (14, 15, 16] YA H
DFE7,18, 19 PREINLTWVWSE. ZD220D7
T —FixEnEnRiz 3 HiETHEEOMED D
RWREEZHE T 5. #iEE, ¥y ariH
WIBIENOE) X 2 TRl 2 B D H ¥ EIC X
b, BIEEERETVEHGFEE T 5. BEE, B
D SYIREIE [17] 7 H I [20] Z2%4E L7z LT,
zhoz A1 LTHAND D ¥E (17, 18] REDF
ETREEZHIT 5.

W e HEEAN OB XLYRICEH S 5 Z 2T,
BfFMfRICAR R EEr zh et T 5. Ly
L7 HEHR— A FEE, HE - SEEHEE L
FkE, BIEORFERARY 2 —2BANTHE I h
5, ANTOTUEMICER 3 2 MHBE % 722113 PERR
TERV. 2T U TURRODFEER, BHEBED
R & 72 2 VAL ORI DO ERE H 55 U AT
POHERE, EFTANEHTIHEBEHIRET S
T, BMHNSROYIEDITE 2 LA AR T &
5. 72720, AIOEHREIRE L, BHENRIS
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I R FEROME QBEBH).

DYHRDFRBDPHE XN 728, BEN—IAFEL
DETHFL—=FA7DBRIIH 2. AHETIE, Z
DEIRIEREOREZ BT ZZ LT, MHED
L— R 7%FEMT 2 2 HIET.

—HIZZETONAFL RO ZARICB VT, IE
TlX LLM Db O FRIEEEZ I TEEEICIEH 3 5
ZEDBATH L. FIZIEVERMSE [19] Tk, BHE
BEd LR 2B CTEEINLRHEEY, 73R
P BIHEN—222 LT LLM AT 5.
LLM 1, BBOEX Y 7 4 THEI NN DIT
NSRS 2HEREIERH T2 222k, HEN—72
OO NYOITEZENT 5. D OHERTSE

TlE, LLM (FF8EARailds L i s~y FO

BETIRAT LOBRETHEHEINS D, Z0%HE,
ﬂy?ﬁ—y®%ﬁﬁﬁ%®$%KLm4®ﬂﬁd
SN, ZAUSH L AutoML fEIICB VT,
LLM (TR AR D SR IR XL 5 28, ERan
ROTINMKF LR VEELFEH L CWE 20, Xt
SATENCE 3 2 HIER % Rl 0 28 1T K © &=
20 [21].

D B2 E Z R8T, Something-Something v2
(SSv2) [12] BRE DD b EERRFEDO N> F~ —
JEMGBEE LT, XhEBRRHMEL YT 54K
DOFEHFICED T, AT, PL—F470B%
2 H HEEAN — ZFIE MEFLTFEZHAG DY
52T, HODOREEMOEIFHMEDYE % H
85, Fc, ko \POITENCE T % LLM D3
OHEBIHFEZEHAL, Bz —Y = > MY ED
FHHADOHT LLM T— = &~ F BSEERED 2 o
D7 Ta—FEZHE LT, WRITENCE - 7-EERF
HMEZHERGEIT5 7L -0V — 7%%%?5.

BRI, BEHED D BEFEaR £ 71 % w5
ﬁ@®mﬁkﬁﬁﬁﬁﬁ$®%%kﬁaéﬁét
B, PR 2 W CEE R O R RYE e Z
NN OMIRE ETNCHERT 5. 2 2T, M
KLOYMEDORNRIE, LLM =— =¥ FDdOHH%
FIHIGRIC X o THRITEI» L8NS & L BT,
XARAFRIESE  (In-Context Reinforcement Learning,
ICRL) [22] O#fA%E L TIILT % & 5 &b
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Xhp. K1 IIRETED ICRL O Z RS, &
HROYIR 7 5 21%, F—F v R¥ v 77 VYK
25 (Open-Vocabulary Object Detector, OVD) %/t
LTHE7L—LaTHEBEINS. MHERE AT O
H e &hE TREEICET: LB EEE T VICAT)
TET7RTR—%HICBAT LT, FEHEYY
B W CHIE AT 7L ORI E 2 Xt Rk
DAEHIES ZeAREL 72 5. EBRTIX, #E
RO RHT =&ty VEHWTREFRETEE X

N2 RHEROHEEMN ZMEET 5.

AfROFAM 72 =B, (1) LLM OF DS
OO R DITENC IR S 2RI B U 7= 8ER
BOKFHTHEMTH Y, (2) ICRL ZHWS Z kT,
OVD DR E TREYARD 7 5 2% BEIIC
RE(LTEXZ R RTIED2HTH 5.

2 EERFE

BEFEDRA T4 02K 1 ITRT. AFED
EHT 2 XA 3D DITEREGERTH D, FHIC
F 7N EEIEE VWS, OVD &, WRITEIOD
PRI DB YA E AT OENER DS 7 L — L TH
M3 2. Xz, MABEESROLE~xy 727 X7
Z— (FJEE) &b 3 F v Ll OFiHE (DI,
AT OREE) ICTERL, AJJTo#EEE inE L
72 ETCEMBESRICAN TS, Zoviks 5 21 LLM
I—Y Y MIEo TR Cnx BHYRESNS.

ARWFFE T, Flakes L CEImESZE TV (FlZ
¥ V-JEPA2 [16]) ZHRAL, NR0¥E T —X TR
e EZREE T I XD, KR T — &
£y M EHAWEERIEE TR LN RHME TN
RT3, 7X T X =05 OYKFILRHHE R R
WERDANE LTHITE 2 n T2 XA 2% H L
721, (THREIEE 233 5. 22T, LLM =—

VMK BWIR Y 5 R DERIZ, Hz BRI
Tz < Bikgr O R A 8 o 2 E I EEEH
T5.

CZETHTEREGRET NVOAE L FHETH D,
$ﬁnfié6hmﬁ%kkﬁ76%w¢u%@i
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Vv M eHWTEE O 7 a v X e HEIRIC
BORL THHNROWIR Y 7 2k Rt s %
LLIM T—Y x= ¥ bADANIX, HEREZ X7 DR
X GEENROITEIOHHSLH B &, 2 E
TOfTEREHRE TNV OEE DB (RilEl £ TOMH
MNROVIK Y 5 ZAMBEFHMAORER) THD, LLM
IT—Y =Y MIBERIIIS U TR EW, ROMIKS
FABRRETS. 2Ot E, LM =T—F =
¥ IR D 5 RERE T B &\ D il THE) % i
{t¥% ICRL 2z 6N, £/, RELYIKT F 2
¥ ICRL OREIEY L LTHERFINS. L, @it
FEE U TORERDAHHETFRT T, N o—%
TR —RFRIHETTH S0 LOED-RAKIEM
BT EFTRIEEITS.

2.1 ICRLICEDKEZIL—LD—Y

2.1.1 MEHRELEE

TENRRRRA O 7 N EEEE D = {(X, yn) )Y
L, FEHOEE Duan &, WMOEL - FTHE
FRICHWARIEHDOES Dy ZHEHT 5. Dy 1T
ICRL D& RIBED RO SN S.
LIM =Y =¥ FPMTOEREX R DFlid% ¢
235, ¢ 3FEENROT XLy b, FBEANRD
178), HABERXRE2HAT 27 XX M 5K
N, ERETAETHS. =—I =z FDERIE ¢
CTEIHIT 2IREE 5, 13, =— = ¥ + O@EEDHIET
Fa,_, LM r,_ ODBEH,_, DAD»PLRD, KK
DEIITERSINS.

se =Hiy = (al,rl) ,,,,, (at—l,”t—l)’ (H

72720, a, 3 OVD 5 X 2VMK7 S ADTF A b
DEATHD, RREFREE Cnx &7 5. WM r,
X, a; ICHEDATHZRRE TNV DO¥EE DRI Dy
WAL TEONATEREERREE CH 2 (Bl IXHHE
FEEE).

212 ARCKRIER

LIM T—Y =¥ FDTERE n4(a | s,c) T 5.
ICRL DEKIE t ITBWT, =— x> MIERE
27 ¢ LB, BEGE LT F RN EAT L LTHI
EATE) a, ZAEKT 5. BREE 0, Z AT LICAT]
L, OVD ZHWZMiktEtt, 74X 72—z Xk 2%
HH, B X ORGSR &R SR X N B 1TE)
R DB v FHMEEATV, W -, 2155, REEIX
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Sie1 = HiZ 1 U (at,rz) & Lfg%ﬁéhé L7=DioT
HREEE, X —-XEHEFOITEEH Z2F
D3 DI LLM OXRNFE %238 © T O AZERHIIZ
WEINDE. 2O E, HROZEMIZERETDOH
722 ATENERRR D % U CRlikds D EH AT I X
N370, LLM O b DHEFHHAERD ICRL 2/ LT
SEEINESTe Cilil ez Ry g

3 FHM@3EER
3.1 RERRTE

KK T, BEHEBEORYF -2 LT
SSv2 [12] ¥ MultiSports [13] (MS) ZHW5. %7z,
FHEfERE E L CTITEI R EREEZHVWS. LLM = —
Yz b2 LT GPT-5 X—RA®D ChatGPT [1] %ZF]
L, ICRL ®OR1E% 5 BfTWEHXSOYIK S
o Akt L7z, OVD & LT Grounded SAM2 O
small BTV [23] ZHWV, 7L — A2 2 IZIEMYIR
ORE~y TEREH L. TEESGRE T L OFEEIC
1% V-JEPA2 DABHFEE (7 UZ ViT-L [24]) 2
Wwi-.

3.2 ERERERICH T B LEBIEER

3.2.1 Few-Shot FE&E TO

DYDY > T NDAHY¥ET B Few-Shot DERIEI
BT, ERFEIBRZTFEOITEREEE © L
LR ER 1ITRT. ARED, By
Y2 TNV TEELEE LT VIIEPA2 TX 2, ZOfth
@ State-of-The-Art (SoTA) FiE X D bEWIEE%ZE
MTE2Zenbhrd. T, ViT-L R—ATH
XN V-JEPA2 23, SoTA FiE X b R HoEW
DNN 7—F%727F vy ZH\WTW3% Z ¥ (CPR-CLIP
WE VviT-B ZHIH) WA, KESEREHE T — X2 v
FERHWCEMEREICE LB CHED D ¥H %
TolzZ B ITERT 2. LarLiadrs, EFiEE
T V-JEPA2 OHFIFHBFAET NV BREYE
THIETEIHIEWHEEZENRTETWVWS. Zh
%, IBEFED LLM O b OF A% OVD % i
U TATEIERSRE 7 VICEER X BT, R E ol b
PRRLIAERTH 5.

3.3 Ablation Study

AREITIX, FEFHMEIC MultiSports 77— Xt v h %
RHAL, EBROMIILD-DIcY 7y b O¥EHEH
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3% 1: Few-Shot FREIWZBIF 2 ERTFELIBRTED
ITENEERAEE (%) O LLESER.

SSv2 MS
Method Param. Avg. A (Avg.)
2-shot  4-shot  8-shot | 2-shot 4-shot ~ 8-shot

Vision-Language Pretraining
TC-CLIP [25] 7.3 8.6 9.3

0.15B
CPR-CLIP [26] 8.0 9.1 10.2
Self-Supervised Pretraining
V-JEPA2 [16] 03B 100 205 333 | 229 319 411 | 266 0.0
V-JEPA2 + Ours ’ 1.7 226 361 | 237 334 427 | 284 +6.8

* 4 FHAEICHETS £S5 LLM OFERICET 3

Ablation Study. Ablation Study. 3 & ICRL %
Method ‘ Acc. (%) Time (ms) %,fj‘» L ﬂ%ﬁ; 0) I'Zj:/;j % ﬁlﬂil:.
V-JEPA2 | 588 776 Method | Ace. (%)

Ours 59.8 764 _—

ChatGPT-40 56.2
ChatGPT-5 59.0

3 2: ICRL OE OGRS £ 3: ICRL O 2NE
R, +I3EICRL 2T LR THERINT-WKS

JE D % s 52192 FDEE
Method | Ace. (%) DIABD ) ﬂ&
PoseConv3D++ 56.1 Ours ‘ Var.

Ours w/o ICRLY 56.9 It B
Ours’ 59.0 w/o ICRL | 0.10

w/ICRL | 0.07

7 (895,000 CITEESGRE T LV E2XE L.

ICRL DBEMMEDIRIE I DI, IBEFED
ICRL OE#MEEBIET 272D, 2 BEOR—
254 YFEREAT D, —HIX, WERLOT
7' —F (PoseConv3D [17]) % ¥ D B H &% £
TNAEROWTHESM ET2L5BEELZDD
(PoseConv3D++) TH 3. b I —HiZ, REDERE
ZHWTAEREX R 7 DL D A% TR 7 2
PHT % Z 2T, ICRL O¥E DR ERRN
. (Ours w/oICRL) T»H 3. 727U, $#2RXFELF
U RIEREAE 21T .

INHDOR=ZAF A4 VFELIBRFEORBE L T
BLUERE2E 2 IRT. BRI, BEFEOK
BIER=XF7 4 yFiEEZ EAloTWE 205,
REFEIZ LLM OFEBIHREEH T2 221k
b, YEFL T o —FTRACHON S \YIE
Fe, 182835 ICRL LT LLM 2k b FHlxh
7UMR 7 5 2 X0 bBNIIES S AR EHRTED
Zehbhb. £-F3IORT X, ICRL 2H
WHRWAR—R T 4 VFIECIREFIEZNENTERK
ENBZERBITBI 2K 5 X)) A + % ChatGPT
W& D SEEEDIAAICE L e i3 2 &, 12
RTIEDOMDIAAB D —E DIEICINE L EDINE <
HoTW5.

ICRL D&RIBIZB W THAEHAESICH L TES
NHEEOHEZN 2 1RT. KEEZERZ LI
Yk 2 5 2 p5kgE b &4 (Listing | Z8), KW
ELTWEZdbh s, BiNxhizr 7 20—H

WERICHIGLTED, MRITEOFRFKIC ARG
ﬁ%ﬁzfuét%xéz,_hil3®%ﬁ$®
BRPHEEAICHELS R TWEHR L BET 3.
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# Before ICRL # After ICRL
object_classes_before = [ object_classes_after = [
”person”, “ball”, ”person”, “ball”,
"net”, "hoop”, ”goalpost”, "net”, "hoop”, ”goalpost”,
”arm”, “leg”, "foot” ”arm”, “leg”, "foot”,
] ”torso”, ”forearm”, ”head”,
”floor”, "court”, ”grass”, "rim”

]

Listing 1: St SN2 AR DOPIE S Z X DH.

Accuracy (%)

2 3
Iteration

X 2: ICRLIZBIF2ME K 3: BEFEICBIT3

HFOITHIRREE (%) AL oOBEHEGDH &Y
DER. 3 F ICRL 23 (KHOFRME o n] b
TUREOE 2 E®E. R

FEEICEAT IR EREFIEEZ, OVD ZETL
FUCHT 2 5180V T, R—ZX 51 >0 V-JEPA2
IDBZLDFBEEENLEL TS, Lo T,
V-JEPA2 IZBWT T ¥ v 7L 238D ET L
BEWEM (6 %) XV TIREFE L HMmNFOGTE R
BRI R LT, BERPLEBRLZERE
RAIWRT. FRED, EEFIED V-IEPA2 2B X
BZREERERLTVWE 5, FEE L LFEHE D
ML= FA 708 S5 D, IRETFIEIT & DEf
FEZHETE 2 22 3bh b

LLM DiFEIR  REFIET ICRL IZHWS LLM %
2 REX=VYIDEZ TREEZ R L MRER 5 1
RT. FRED, LLM OHBREICHEDOETHEE XN
LITHEERET VORBENSE L TWVWE I eh b,
LMd@ﬁﬁﬁ#ﬁ@w&%rw®¢§®ﬁﬁ%

BEEMCEELTWS I8 bhd

4 FrH

ARETIE, A\POITENCE S 3 LLM D& #RIH
MEEHL, B —Y v MIEHOMHADF
T, LLM = —3 = ¥ FSEEDITERER O FEE
HE LT, NRITIE - -EERME 2 8 8hikEt
57— =2 %RE L. EBRTIX, BIER
WMORHT -2ty bEHOWTIREFETHEEIN
2R R OTEENE 2R L 7.
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Algorithm 1 2R FIED ICRL 7L — AV —7 .

Require: Diqin, Dval, task description ¢

Require: number of iterations 7', maximum set size Cpax,
policy mg(a | s,c)
Ensure: best object-class set apest and best DNN weights
Whest»
1. H—10 (Hy, hence 51 = Hy)
2: Apest < 0, Fpest ¢ —00, Wpest <— 0

3: fortr=1,...,T do

4 s;— H (s: = Hi-1)
50 ap ~me(-|ss,0)

6: a, « Truncate(a;, Ciax)

7: W; < TrainDNNs(@Dyain; dr)

8: 1y < Accuracy(Dya; a;, Wy)

9 He HU{(ar,r)} (H < H,)

10:  if r; > rpes then

11: Abest < i, Thest < T't, Whest < W;
122 end if

13: end for

14:

15: return apese and Wyeg

£ 6: MultiSports 7 — Xt v MIBIF 5 LLM X— R
AutoML i & R B FEOITENREFE E D LLERS R
3 £ ICRL % AT LK D 2 i
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You are an adaptive reasoning agent collaborating on the framework. Using the
class label set and the iteration history, propose improved prompts to
enhance classification performance.

Your primary goal is to analyze the iteration history to identify weaknesses
and propose optimized prompt sets that directly improve overall and class-
wise classification accuracy. Focus on data-driven adjustments that lead to
measurable accuracy gains.

In each new round, adjust gradually with a few edits, avoiding large jumps to
prevent training complexity.

## Output Format Instructions

CRITICAL: Output prompts as a plain text list, one per line, following these
rules STRICTLY:

- Each line = one single, atomic visual concept (short noun/noun phrase)

- NO headers, titles, numbering, or explanations

- Do not include any other text before or after the list

Note: open vocabulary object detector uses Grounded-SAM2. Keep prompts simple
and atomic (single concept; avoid commas, slashes, logic words, or compound
phrases), as complex prompts are not reliably recognized.

## Instructions

* Diagnose likely causes of low accuracy (e.g., missing contextual cues,
insufficient body-part/object coverage, ambiguous wording).

* Design prompts that better capture discriminative evidence for
underperforming classes while keeping the vocabulary concise and
generalizable.

* Prefer compact, single-concept phrases suitable for open vocabulary object
detector (Grounded-SAM2-friendly).

* Prompt Count Policy (soft guidance): expand cautiously and incrementally;
prefer swapping out weak cues over adding many new ones at once.

## Framework

We propose an agent that turns commonsense into adaptive feature redesign for
action recognition. For each action, a language model proposes a set of
evidence-bearing entities (objects, targets, body parts). These cues are
localized in video via text-conditioned, open vocabulary object detector (
Grounded-SAM2), yielding spatio-temporal regions that guide representation.
The agent then rewires the extractor on the fly-via region-conditioned
routing/adapters—to emphasize actor-object interactions and suppress
background bias. Learning proceeds in a closed loop: class-level rewards from
recognition performance and attribution consistency drive in-context
reinforcement learning over the textual cues-implemented as iterative prompt
edits without updating the language model’ s weights—followed by renewed
localization and feature updates. Thus, prompts, detections, and features co-
evolve as a single trainable pipeline.

## Classification Target Set

[”aerobic push up”, "aerobic helicopter”, ”volleyball serve”, ”volleyball
block”, ”football shoot”, ”football dribble”, ”basketball pass”, ”basketball
block”]

## Iteration History
### Iteration 1
Prompts: [”person”, ”ball”, ”net”, ”hoop”, ”goalpost”,

arm”, ”leg”, ”foot”]

Overall Accuracy: 57.900%

Class-wise Accuracy:
aerobic push up: 0.00%
aerobic helicopter: 100.00%
volleyball serve: 82.03%
volleyball block: 96.73%
football shoot: 1.96%
football dribble: 88.57%
basketball pass: 93.91%
basketball block: ©.00%

### Iteration 2
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