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720, HEEREEH DB MRICHEBORMDTHZ ¥ ¥ BT,
MR D BN B W TEERE & & 2 R NE O N 2 X
ZBHHEREN DM LEDVRERNTH 5. 2 2 THRMKETIE,
HEEmAE ST L IR BEN OB L T R Edi b 2 vREIC 3 % 7
Tl TN — T R=Z RGBT N TY XL ZRET 5.
AFETEHEINEZETME, FEDOEFABRBICBENT
BIFOE(LEEN—R 54 > ThH b Seg-Zero # KEL E
| 2 MHE% /R L, ReasonSeg @ validation v T +5.5
gloU, test v MT +4.5 cloU DERER L% 2R L 7.

1. [IL®IC

HesmmEI Y ENE, HEMREZRERT 27 % R b L E{§)
Bz ol 22, BEMMERZHER UBEIRREL T Z O
EHETDRRAITHD. RRAIIE, aRT4 7R, &
WA, HSRFEEZEODTICBWT, Y AT 20HAM
RL—HFVLVY T 1 DA LICERSHFI TN S, HF,
KBRS FEE TV (LLMs) OFIic BN\ T I — T R—2
FRE I EED L EE M EA SN, FIcHEimR X R
7 TOMREM EARE I TWE Z e 2 ERIC, HERmE
DENRLEEOMASED ST T3 8. LiL, B
HFRIEIZEER 2 GRPO 743 X 4 [14] DEAICHE %
D, FEMROSEER, HEFmESRTEN AR RIS ERE
DFLIE IR S AT WY, F 2 TARIZETIE,
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T N— TN =2 R TR B 2 BRI  JR
REZ AIRANICE D 2 TTERIRR L, ZOAMEZHGEES 5.
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Segmentation Module

X 1: HEEmAEIE e 7L DR,

2. BEEASE

Seg-Zero [8] 1%, HERMEEDEH LT Group Relative
Policy Optimization (GRPO) [14] 1230 < 5L =&
AL, #fidH 774 > F2—=>2 (SFT) LT
MAREC BT 2R ZSE L. LaL, GRPO I
3EE ORNLEMRPRRIE D NI § 2 EMNFEL, H
HIBAE D BUR D & FE R BEE R HDIE 5. Perception-
Aware Policy Optimization (PAPO) [17] &, #EEmRHE
BHRART OB 2L, £OERPHERERE TR HE
BGAMEORREBICH 5 Z L 2 BZ LT BT, FEMRE
% 5 % Implicit Perception Loss (IP Loss) ZEA L 7.
HERRTEI D BN BV TIX, VRO AIE IS % IEHE
AL RR IO BN 2 e AT 5720, FIHEMREN
D LRIZFEBHEE O EEVER EIcFHF 5T 5 EZHN 5.

3. REFE

AEITIE, AWZETIRE T 2#EmERIE 7L — 207 —
72 LT, MATZETIMGE (M 3.1) BLUHICEE
T2 7N — T R= 2R EECTFE (8 3.2) ZFHT 2
®P%IZ, Section 3.3 T, IEKIEHRM, 7+ —~ v MR,
B X CEEDRIIG U 72868 B % & ilakaticow
THiHT 5.

3.1 ETILEE
AW CHI SRR FIE 7L OHE 2R 1107 T
AETIVE, BENEEFRLT ¥ X MESWTHEY
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Ours (AP20)

GRPO w/o KLN

Policy Gradient w/ SoftGate

'someone who is most
likely to be the player

Policy MLLM

e [W;dit]/

X 2: 2R T3 VL — FRN— R EEE(LFIE.

WEFRPEST 2HERTEY 2 — vy, HEYERIIT L CEZEN
BEORRAIEWET 2RV T =2 ayET2a—A05
RN, HHTY 2 — MR ILFE—XIVKRES
#EE 7V (Multimodal Large Language Model, MLLM) %
AWT, Effte 7¥ X M OFEHRERE L THEMRDBE
I ZDOMEERFEL, SUERONY VT4 TRy 72k
RERZHEBSHE LTHET 2. £/ Xy T7—>arE
Y a—zid T a v 7R T OVEEGTEE 7L (Promptable
Segmentation Model, PSM) % HWT, MLLM H3 7L
7-HEMROHEB SR F00rb & LT, HRNED< R
7 EHET 3.

3.2 Adaptive Perception-Aware Policy Optimiza-
tion (AP20)

HERRTEI ) BN B CEE R HERRAE ) & KITRES) 2 [RIRFIC
B 57D, #iizie 7N — T RX—= 2 REGEETFEL LT
AP20 (Adaptive Perception-Aware Policy Optimization)
ZRET 5 (M 2).

3.2.1 B

AP20 Ti&, GRPO IZH L CHtsmitREDH L2 (i3 2
72912, SAPO I2HES<K V7 M7 — MIRHE BRI [2]
ZEAT D, T, AMNAELDHEEZR < 72912 dynamic
sampling ZAHAGHE S L & b, @ERIEALZ BT 2
Fsbiz KL ERCEERET 5 [22]. & 512, WAHEEL
ANOTFRE L BRI EREZRT 7202, FiiliRs 3
Low-Frequency Patch Perception Loss (LFP Loss) Z&A
5L T, EFAVOMENEMZRIRINCEET .

AT D BB, GRPO [14] IZX 3 71— T N—2
FREoER L ESE, R (1) TEENS.
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G
1
T(0) = E(q.n)~D (01} &, ~mo,, (OlaD) §:|o|§:
i=1 7t

t=1

{fi,t(ri,t(e))Az ¢ + v Dk [mo || m§H] (1)

_nl’H[ﬂ-e] 7727'[[ edlt] }
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R T BERE, A, BIA—THT AV T —
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High Low Low
Patch Semantic Patch Semantic
Corrup Corruptness
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D, ri(0) ZEFREARE -7V P AROEEELHT
BB, v, FEFEOEALAZGIHEIT 2N A =T X —
2TH5. TIT, fir(lr)idY 7 b= EKTHD, K
(2) TEFEING.

fi,t (x) =

1 4 o Tpos» if A\i,t >0
]__i_e*ﬂ’,t (z—1) 'av Tit =

Tneg, Otherwise
(2)
Toos & Tneg 1&, TNEN fi(z) RBIBEH -2 B
FUEHI s =2 THIET 2IRENRTA =R TDH 5.
3.2.2 Low-Frequency Patch Perception Loss
(LFP Loss)

FENENNDOFER e EERMNERE LR T DI,
ARHFFETIE Low-Frequency Patch Perception Loss (LFP
Loss) Zi8ET 5.

Implicit Perception Loss (IP Loss) [17] TiX, 7% & b
7L LEGEEFRRTTER 1 AN LB b =2 24
AR, ERICH LTy F7 2 F > 200 & 5 Ei{fiEE
ZAIMUZSE BT 25K rgdit o =27 VERG %,
KL RAN=Y = Y ARKAMUCEDS RIS 2. Zhick
D, ETND b= Y EART 2BRCHEBGN O ERERAIE
WWHKILT 2 Z e 22 L, ETVOHREMERESELRT. 2
2T, PAPO iF, HE{RIINTS 2 & a2 BB K 2T
X, EBRNOERKIANEIIN T 2N HIET T, B
RGN DOFEEZEL T 2T T TH S 2 & 2iE
U7 [17). B, MIHBAR AR L4 79 MEEr L
TRABEHR T L > TERHEEINSE Z o TED [15],
mJEK S A R TIEERIERZ RINCRET 2 2 e 38 L
W, LU, IP Loss 3%, v FRXF 272815
Ny FH A XMy 7Ly 4 XCTEELTWS 7
B, ERRREIREVEEICIET AT R — VU H5EN

WERBEELTLES.

Z 2T, HERREICRTFE TIREIR R B 2 MR T 5
7212, LFP Loss TiX Sy F % A4 XZERY A 22T
SZHEMMEE LTRET 5. BRINICIE, uxov 7V v FE
DERYF puy, D—IHADES 1, K (3) TERT 5.

L= min(H, W) 3)
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WKHETZ7V Y FEERITANAR—NIX—RTH 3.
ly eV RARAF VAT £ ZHWT, WMERBTE
redit = £(1,1,) #135%.

X 3k BEEEZELIAL LB ETLILR—25
ey, B A HE S SHN RSy FH AL 210k b 7
)y FR=ZFEDFIZRLTNWS. EZEALN—2554E|
(FRg) TIX, RRT7VAE =203 5 U CREAEETH
D, YRR —MER KBV A 79 s i sh T
WRWZ eAbhE. TOMRE, EEYZ Y4 X1k
S ERABYRF 7T, BRIBIEZRENTH 3.
—7H, 7V v FR=25E () Ti&, B2 EORE
1DOD7 VAL —DBEEFRTVE LR, ThosDEBX
ZONEBEERIEET 2 Z e BRI ->TED, REELE
BLIy FH AL R KBBREAFE~RAF DR, &b
HWERIVEEZ 372565 Z e A RSN TV 5.

ZOXI R~ RF Y ITEEAL, EHRMICERR
WHERGEEHLER S N 28 EE2ED 5 2 8T, AFREST
ROBERINCEELRBENEILIC X iR EEZRANT 2 &
SET.

LFP Loss Dgp,[mo|[m§d] 1%, 3 (4) 10k % KL X4 N—
VY ADRSEGAEE LTEHE T % [13)].

D [mgl|mg ] = rP*P(0) — log r?*P(0) =1 (4)

2L, MREEEL o 3K (5) TEDSNS.

779(0 ‘ q7I)

T = o e 1)

()

3.2.3 Double Entropy Loss (DE Loss)

H[mg] = log me(olq, I) B LT H[rgt] = log 7y (0|q, I°11)
%, Double Entropy (DE) Loss [17] T#& b, LFP Loss IZ
I3 2 ERES 2 S IEANL D7 DI B AT 5. 7238, A
ZETIE Hmg), H[mdit] & Z 2 Original Entropy (OE)
Loss & & ' Masked Entropy (ME) Loss & XHl3 5.

3.3 IREMEREt

Seg-Zero 3 X U VisionReasoner [9] IZ7EWy, ABFFLTIE
HITEAANDUEML, TSRO EREE, 35 X OEHE
73 RAB O 2 FIR (e 3 2 #— iz v 5.

For R R 135K (6) OEAN EFITERT 5.

R= AfmtRfmt + )\ELCCRB,CC + )\repRrep (6)

3.3.1 74—<7v MR Reo

INEHER S s LB (R & [EIEE) 12
WD, BEXUOMHE»GLHEBESR (N YT 4 Y IRy o
AERER) DIELL B TE 202713 5.

3.3.2 IFREMIHRM R.cc

HEE SR Y EMBRE ANV H Y —ETHMTT 72, A
VYT TR ZAD IoU, XU YTF 4 TRy ZAD

L1 B, 35 X OVRES O L2 B S W CR I E R
RT3 (X (7))

Racc = )\IOURIOU + )\Ll RLl + )\ptRpt (7)

3.3.3 EREHEM R.cp
IENTR—ABEICEDIEXN S Z e 220,
XOBEBEBSMEEBZ -GS RFLT s #5235,

4. REX

4.1 SREREE

AFEERTIX, MLLM BX U PSM ¥ LT, zhzh
Qwen2.5-VL 3B [1] & SAM2 (Hiera-L) [11] ZHW/=. Z
DIFEFUT LD, Seg-Zero & DINF Lt e LoD, #
HEE 2 ERR72 X € VHRINCIND 7. A E RS MLLM
DAZIIHATEE Y LTz,

V7 M — FEBIZBWTIE, EfF—2 B X
b= VT BIRMENT X =%, TN 1,0 = 1.0
BE Theg = 1.05 WKE LTz, £z, Race DEFRICEL
T, BEZ rou = 0.5, eppox = 10, € = 30 & L7z,
Ryep WAL TIE Daup = 2 ZFRE LTz, FEATHISE [8], [9]
WHEW, SRIMIEICEE T 2 TR TOREEZ N S ORELE
DET1 ¥ L7 &E2E AdamW 2V, FERZ
1.0x 1078 & L7, EHANvFHAL T 32 2L, ¥FFIZ
8 ¥® NVIDIA RTX A6000 % FIWTIEM L 7-.

42 FE7T—4tvh

VisionReasoner [9] TREZ N TV IHEEBRT / 7 —
YaviEHWE., s, LVIS [3], RefCOCOg [21],
gRefCOCO [7], LISA++ [19] Z & LEBOEBIE T —
Rty b OERINEZHDTHD. FFEYF L,
Hifg, ZREH (FFRA T TY), BRXUOBSYKIIHLT
LDOONY YT 4 Y TRy 7R 1 DORKXHTEEIND
BROEBSE» OIS, ZhoDHEESRIE, 4
VARYALNIVDRAI DG, TNEELAAY YT 4 v
TRy JRAL<AVELOEFET S e ThERENS. K
ST 7k FOEE Y Iz vz,

4.3 FHEN>FI—7

A I HEER TS B DR IR Y F~v =7 TH D
ReasonSeg [4] ZHWT, Mkt y b7 X bty FDFE
iR 2 ®RET 5. B, FHFIZIE ReasonSeg D7 — &
Z—YER L TB 63, DMIEEICNS 2 M % MEE
T 5. Tz, TN, FHEERELCIE ¢loU & cloU
ZHWA. ¢loU IZHEIIRZ & D IoU 23 2468 TH 5.
—%, cloU Z7 =&t v 2K TRAER L fEAHEK
ZHENT 270, RERVRICI D RELREADDLNS.
SEATISE e [FARRIC, ABFFETIE gloU X EfEH 7 5.
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% 1: ReasonSeg N>V F < — 2712 X 2 #HEFmiEE 0 H DAGR.

val test
Category Method

gloU cIoU gloU cloU

OVSeg 28.5 18.6 26.1 20.8
ReLA 22.4 19.9 21.3 22.0
w/o MLLM X-Decoder 226 17.9 21.7 16.3
SEEM 25.5 21.2 24.3 18.7
Grounded-SAM 26.0 14.5 21.3 16.4
LISA-7B [CVPR24] 44.4 46.0 36.8 34.1
LISA-13B [CVPR24] 48.9 46.9 44.8 458

w/ MLLM GLaMM 7B [CVPR24] 47.4 47.2 - -
SFT SegLLM 7B [ICLR25] 57.2 54.3 52.4 48.4
HRSeg 7B [ACMMM25] 56.7 55.4 54.6 51.2

HyperSeg 3B [CVPR25] 59.2 56.7 - -

Qwen2.5VL 3B+SAM?2 53.8 44.1 47.6 374

w/ MLLM Seg-Zero 3B [arXiv25] 58.2 53.1 56.1 48.6
RL Seg-R1 3B [NeurIPSW25] 60.8 56.2 55.3 46.6
Ours 3B 63.7 56.3 60.0 53.1

4.4 HEREEDEICHITBER

& 112, ReasonSeg I X 2 AT EIOFERERT.
e v LT, MLLM % H W&\ Open-Vocabulary
Segmentation X—2 7 4 ¥ TH 3 OVSeg [5], ReLA [7],
X-Decoder (23], SEEM [24], Grounded-SAM [12] Z W
%. %7, MLLM %MW 2 BEFFEE LT, LISA [4],
GLaMM [10] , SegLLM [16], HRSeg [6], HyperSeg [18],
Seg-Zero [8], Seg-R1 [20] & tt#g 3 5.

MLLM ZHWaWFREHER 20 E L 3 2 2RI X
LRRRENHIETH D, gloU 1& 20% Aic % 5. —
7, MLLM % W 2 FEIEKRECERED A EL, gloU &
50% BRICET 2. REFIRE, JIBETO Qwen2.5-VL
3B 4+ SAM2 RN—2 7 4 VIR L TKIEZHREZEZRL,
validation gloU % 53.8 2*5 63.7 (+9.9), test gloU %
47.6 205 60.0 (+12.4) N[ LT ¥, £z, F—nNv >

— Y HWZBEFED RL FETH S Seg-Zero & HHLL
T, validation gloU % 58.2 2°5 63.7 (+5.5), test cloU
% 48.6 25 53.1 (+4.5) N E L.

X 4 12, ReasonSeg O 7 A bt v MIBIF 2 EMGER
%73, GRPO THESINIETANRELP T VIS
ZHRoTTHT 20N, AFRIMRZE L TEL WY
WREZRGEL, WYNTHERNEZITS Z gL Twn
5. F7z, WD CTHIAEE 726 RAEEITN LT H &E L 74
ExRT. Zhud, FIRIERIC X o THEREHLOF
WEHEIhiDdeEZoNS. LLEOHRED, AFEE
HERMBE ) L HIRARE I OMI T 2 & L, BRASH R HERmTEIR
HoEHEZEDHNE ZEBbh b

4.5 VY I M- bHRBXOMRE
R 21, FELEDOFHGERT. Y7 Mr— b (SG) 2
AT3¥2, GRPO R—=Z2F A4 ViZfLTRardmtEL,

People usually wash their hands after using the restroom. What object in the picture

Query [provides water for hand washing? J

Input Ground Truth GRPO Ours
GRPO

typically a sink. In the image, the sink is the most relevant object as it is the
primary fixture for washing hands. The other objects, such as the mirror and the
cabinet, do not serve the purpose of providing water for hand washing.

The question asks for an object that provides water for hand washing, which is

Ours | The sink is where people typically wash their hands after using the restroom. The
faucet is the component that provides water for hand washing.
‘)
Input Ground Truth GRPO Ours N
S
GRPO |

The task is to identify the part of the pear that has been bitten by insects. The 1

Query the part of the pear that has been bitten by insects }

TEE

image shows a single pear on a white surface. The pear has a greenish-brown
color with a stem at the top. There is no visible bite mark or insect damage on
the pear in the image. Therefore, the part of the pear that has been bitten by
insects is not present in the image.

Ours | The part of the pear that has been bitten by insects is the small, yellowish area
near the stem.

4: ReasonSeg 1281} 5 ETILDILE.
% 2. FERGIEROMR.

X Modification val test
Setting Avg.

SG Prcp. DE gloU cloU gloU cloU

Naive GRPO X X X 60.7 50.0 57.2 54.6 55.6
+IP+DE X IP v 594 522 583 55.0 56.2
+SG 4 X X 61.7 58.5 57.3 50.7 57.0
SG+IP+DE 4 1P v/ 61.8 524 59.0 504 55.9
SG+LFP+DE v LFP v 63.7 56.3 60.0 53.1 58.3

HEELHENC X 2 LRELENMTHE Z e 0h 5

IP Loss & DE Loss DflAa&EDE (+IP+DE) &7 X b
HEREZWE T 528, SG &t L7z SG+IP+DE TidF
PERBIEFonicia B L. —75 T IP Loss 24859 % LFP
Loss ICE Z#1 2 72 SG+LFP+DE 2 EDfEREZRL, ¥V
7 b7 — MZ & B EE( E WY AR R SR BEE
THZEZRLTWVWS.

5. HHOHIC

AT, #EEREES BB 2HE D EMER Lz
HiE LT, ¥ r—FR— 2% RE{LFiE AP20
PRRE L. AP20 3¥EEZLENT 2V 7 b — M
&, EROKREIGRZ SRINHIES 2 LFP Loss ZHt
B35 Z 2T, HEREES L FIHRE & R I RE LT 24
HMAarEHT 2. EBROME, REFIEIE ReasonSeg 1T
BOWTEHHFD RL FEE2—EBLTEMA2 Z 2 2R L.

Sk, HEmBEONECHZNE YR 7 P EHEE R L
TR ET OMET, B X OHHEBRLOREICE T2 X D5
MR 2@ T, HmEEHIENCBY 2R RO X 5
%Bm ErHEET.
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