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Abstract To address the static visual perception challenge faced by multimodal large models in understanding ab-
stract diagrams (such as geometry, circuits, and scientific charts), a multi-perspective visual reasoning framework
based on a look-ahead mechanism is proposed. Aiming to simulate the cognitive mechanism of human “slow think-
ing”, this method achieves the active search and denoising of key visual clues by introducing relative attention and
information gain gating; Furthermore, it utilizes a dual-dimensional quality evaluation of logical confidence and
visual relevance to construct a dynamic “observation-hypothesis-verification” closed-loop reasoning system. Experi-
ments demonstrate that this method significantly outperforms existing mainstream approaches on multidisciplinary
diagram reasoning datasets, substantially improving the accuracy and robustness of complex diagram question an-
swering without introducing excessive computational overhead.
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Fig.1 Comparison of different visual reasoning mechanisms in solving geometry problem
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CEM 4 WO AN A, AR R AR
WEIZ HIAT R, RATER K + 1 M5 5% 7
RIHERE A, I 2508 G 13— MM O X

MER=: SMBERSHKEREITH

FE AT B % 2 AL AR5 AL K35 BR AL 58 Ay A\ 4R
Loctive Ji, BERFENATIEVER RN BE. X T Toctive
AL, B IR AT A i 4 3P 3R (B A5 U0
I, AN SR P B B A ST A B S e, B 9 B
ML DERL BB ST A FSCHE R, T AR 22 I & g AR
A XN D s T P 5 =) ke BY S X i A\ I, AT

24

HIE RN HAREE K E®H Token 741 LT
YL, T BUR SO 1 = BRI (7
BAIRRE); RIS, JR 3k B A B 4 J B 1 X ek,
XA N 22 38 J R — R A 25 DA (] 20 2 B A5 H B
(P TUAR T4, B A el b S 280 ol A 284 A A O T [
Frp L TR — WA, 5 A R R 2
THI T AERRAE 2 T AT 256 AW, S0 3 B SR g v
et T 2 RGN (VE WL SEIR5 7 0iT). N T4
PP IX S A B AR R, $2 S T4 A2 A%
P 5 R RS PR LA B VR 40 FE A
24.1 RBREEFESURMEXMHER

1) B2 B 15 % (path confidence): ZIgFrH T
iy AT AR ROC A B S B B E 1, 46 e R RUT
HH) Token XT3, v H-F31H.

L
Seont(55) = Liszlogp<tj|t<j, I, ct V) (10)

Jj=1

Hodr, s RN ERH N S RO AR B 3R 0 M ik
HEFRREA ) TR UL FE e e ATIE IR N L, BP&REA
FEEREAR s, B RTIEERT L M) F; Ly RN
AT s; (A Token K5 ¢ 417 T 25 5
A Token; t; WIZRRAETM ¢; Z 5T Fr A CAERH
JJi 52 Token 51

2) ML AR (visual relevance): 1% Fa ks T
IOE AR B HE R N 2 e 1 B SE T RBAE B, Bl ik
R A A1 5 2 E S R S ST (a3 T ).
JUFTEE) AEAE RO ZD00. W A2 i 1 HE BE I FE SOA 7,
YE B 35 B, B2 BCH B 0 A0 i v = 0 I
Agolution , HFFE I S5HET W@ Q BRI EFEETHE
Aquery MR TZABLUE.

Svis (Sz ) = COS (VGC (Aqucry) , vec (Asolution ) )

(11)
Hor vec(-) RaHFER A1 EAL (vectorization) #R1F,
BT = 0 P B 42 9 AT e T e — A~ — 4 17)
&, DUETHE AN A& 2 R AR LA AL
2.4.2 ETERIEIEMNREITS

WV Shna KR IIBELEHLE]. 5 T HERA
(5] 8 b 2 2N T SR IR 2 WD, 1 2 o O IO AR A 2k 4T )5
— A X T T R R AR (s}, H— it
W
(4)

s S(%Zlf - m.in Sconf
S(l)f _ J
D i g0
mjax SC(j)nf - m]m S(:(j)nf + 0
L s misg
§0 - — 1 (12)
max S‘Ei) — min S’éijs) +6
J J



x ST A T 160 7 7 P 1 22 1 RS 12 2 R A7 5 R 4 7

H, j FBUEEE Njel, N (Bl1<j<N),
FOREMFTILA A N A HEBRE A 5k £ h kAT
2R IR KA 5 MBI R LET. B8 S, @ AL
HERBREAT).

Som = WoS +wp S,

conf

(13)

WE wys w, (HIUW w, =07, w, =0.3), X
R R HENL I B o 20A HEE A R O R AR
CoT LS e K FEHERE A = A2 “ 18 4 ¥ (H L3
JS L (B, AR SR R HE T — A
AT, HZ2E T EUE R i SO PR ). i 5]
A S, LaMP SEBR FAERE— B HER R # AT 1 —
R, B 7 N RAELS A 450 5 <A B R
DABS UE R 1 B R0 28, O A e ) B — 2P B0
I T A 1 o 11 GRS HE

2.5 [rEel0: #EREITST RSRK

BT BB YEVEAL, SR R HE R B
EFRIER LA AR 57

s* = arg max S (s) (14)

active

Bz AL TR A R HERE A 2 o+ BhASIB TN A 2 AT
HEFEE R oW b X AEEAIAA, HER
RUAE R IR L B BRI AN B0, TRt —
SRIZ T HAL S 78 70 1) 58 B R

3 g

3.1 HUE&E

T AT PP Ab A A O AS [F] S8 Y s o N A
R RER I, A SCEEL T 2 MR EIR 1T &R
g

o HHHERE (math & physics reasoning). 1%
Hm AR T SR R AR G A AN ) B A3 A i HE B
AE 71, ALk MathVistal!'s MathVision®” Fl
PhysReason™. X £6 AT 55 BERAG A AN G b T
M5 B, BT 45 S8R A B e B Ak T 2 5
WIS

o £ RILEE (multi-discipline). REET 5%
BEEIR L& St & 26 B B R F g RE ). R A
5 AI2DB2, SciQA-IMGES MMStar®* Al
M3CoTH. AR S M E TP E B R E
SN HEEZ M S B

3.2 IRE

HEFBEX L. LI T 1 BRI
AR F A (VLMs) T, SRR HE Qwen?2.5-

VL-Instruct (7B. 32B) 55 InternVL2.5-Instruct
(8B). H:4: (Baseline) g N AE FERL Y AL B fEAK
FOT AT HE R 58 5 OR B D0, SR ARAE B 1] )3 f#
M E AR A S, DL N PR RE XS U R R il A6
iE LaMP #4520k, BB 1 TUSRARA R EOAR B 26
(A ER S AT X EE: 1) MCTS!: RF I T S
VS A R SRR 2 2 8 R B SR SR 2) Pre-
dictive Decoding (Pred. Dec. )" —Fidk T K fi
R 51 T AT AR J, AT I 584 JR) — SOV ) AR 1
i J7i%; 3) DyFol: ByETZhas w8 R, i
FEAETRIT 46 2 T 56 e = ) 5845 4) ICoT ™ A
AT ST BRSO 2 ARES B AR RS R T 1.

WAL TR bR S5 SEHE A . R Bk A T R
(BIOREEAS ) A A Bl — M & R, 125 = Stk
BRI, BB PE I i) Pass@1 48
) A D A 2 v 0k o i A R Y R AR 4R
b, WWAHERZE (Acc.). LAk, A TR EA T BE
TRIHFES MR Z (B AT (trade-off), THAEHEELT
FE T U BLIEL (floating point operations,
FLOPs), iIEfl A N FLOPs ~ 6nP, i P Nt
RBHE, n AR Token (145, FLOPs {4
RIS, THE RCASBRAI, X ) 3028 AR . e Ok
FEAR Z AR I B i 1, iR B2 S 80 UE Y A
0.6 2 1.0, [AIF&A 0.1, B RAE RAFEART Y REHLIE £
BT SE 3 44F 4 7k NVIDIA A100 (80 GB) GPU
B FATHEAT. ST Predictive Decoding FIAS SCHE H
) LaMP 7732, 4850 H “REASONING _ COM-
PLETE” bric i ¥ A e 45

3.3 FELHHER

Wik 1 MR 2 fow, 1B R B E -,
BT =FOREBUREL R VLM, KA SCHR 1 ) LaMP
7592 5 24T £ 2 3 0 HE 3 0 R SR N 3 AT T 4 T 6
b, 2 1 1 SciQA N SciQA-IMG 455, Avg. A
WERIEEAN RS ER U R 45 'S . St 45
(R EAR S BT n R

ZAMREREZEMRE. LaMP 7551 Mt 2
JERERY (M 7B E 32B) M &AL I HERR %
YIRS T 29 4.2% & 5.2% KB FRTE. S5REHA
T Fo A A B 48 558 7 VAR L, LaMP 75 P ERf R I
IRAARFFOUL. [EREFERMNEZ, BME RS HER
K Qwen2.5-VL-32B-Instruct #8  LaMP &
SRBERE— DAZ IR 7, Bk 1 A S & )
MCTS #1 Predictive Decoding. iXiFH] 7 LaMP
T 386 55 AL i SRR 5 3 R A B TR ) M, HLZAR
P T 7 (PR B4

MR ER S ZEREE IS PE. 2SR



8 H ) . &2 i xXx &
£ RFEEER KA I LRI (Acc. (%))
Table 1  Performance comparison of different methods on two major categories of
visual reasoning benchmarks (Acc. (%))
H eI e )
RS J5 1% MathVista MathVision PhysReason AI2D SciQA MMStar M3CoT Avg.
Qwen2.5-VL-7B-Instruct
Baseline 68.20 18.09 14.35 80.51 74.42 63.87 59.62 54.16
MCTS 69.60 18.75 16.27 81.87 78.09 66.20 60.87 55.95
Pred. Dec. 69.90 19.73 18.65 82.67 78.68 65.67 61.34 56.67
ICoT 47.50 10.53 15.73 81.35 77.24 42.07 61.17 47.95
DyFo 68.40 16.78 14.75 80.93 76.95 64.47 61.26 54.80
LaMP 70.80 24.34 21.76 84.07 81.95 69.80 62.68 59.34
InternVL2.5-8B-Instruct
Baseline 64.40 22.00 11.58 81.61 76.15 60.47 57.16 53.34
MCTS 65.00 24.67 14.21 82.97 79.67 62.00 58.24 55.25
Pred. Dec. 65.40 25.00 17.16 83.74 80.37 62.40 58.76 56.12
I1CoT 42.90 16.12 13.57 82.25 78.63 39.40 58.50 47.34
DyFo 64.70 20.39 12.08 81.96 77.89 61.47 58.58 53.87
LaMP 67.10 28.62 19.35 84.84 82.10 65.67 59.32 58.15
Qwen2.5-VL-32B-Instruct
Baseline 74.70 25.33 19.42 83.29 78.83 69.47 62.81 59.13
MCTS 76.20 27.31 21.38 84.68 80.76 70.60 64.15 60.73
Pred. Dec. 76.60 27.96 22.76 85.17 81.95 71.07 64.62 61.45
ICoT 58.70 21.05 20.76 84.03 79.77 54.60 63.93 54.69
DyFo 75.60 24.67 20.35 83.52 78.93 70.07 64.32 59.64
LaMP 77.70 30.59 25.43 85.87 84.33 72.87 66.35 63.31
o AEHEE A IEEBUE F TR A (FLOPS) AT
Table 2 Comparison of the computational cost (FLOPs) of different reasoning methods across different base models
JE AT Y Baseline MCTS Pred. Dec. ICoT DyFo LaMP
Qwen2.5-VL-7B 8.35e+12 4.05e+14 1.85e+14 1.88e+13 1.98e+13 1.54e+14
InternVL2.5-8B 1.02e+13 4.58e+14 2.09e+14 2.21e+13 2.38e+13 1.87e+14
Qwen2.5-VL-32B 3.59e+13 1.79e+15 8.17e+14 8.07e+13 8.63e+13 6.38e+14

RULE RO HR B AT 55 16, DA ZBUAE AR B A 5 SO AR HE 2R
Z A B4 . LA MCTS Al Predictive Decod-
ing AR 18 T M3 5 5 vk BOORTE S0 0 45 A HE 3
{155 Bafiok 7RI TH, (HAE MathVista 1 Math-
Vision %5 i BRI 0 240 5 b 19 5002 T UAT AT 55
o MR RESR T AT A PR, X R, R Al 5 ORI T
% 0 3T 2 AR A B AS 2 SE BT 38 IR A -4 AT
e, M T4 R 1) 773 (W DyFo) B4R
R T RN, (RAE R A RE 258 B AT 55
R IAR I . LaMP it 5] N “ipE B,
FEARE BRI A2 o ) 2558 B AT A0 B6niE 5 % AR AR,
BRI T IX—F )G, B & RAL S P EAE T
R AT

SHRL BEAL 401 R ERR 3. LaMP 7EAL 3R
B % TUART R AN} 2 R 451 1) K B I 3 5%
928 T A X = TP A{E B 251145, LaMP #g
% 3= 2y JEAE T 0 2 1 HEH D IR LB 1) )= X
B, M AR S A R BRI R AE. AHE T Baseline,
LaMP 7EiX 56455 b 1P B3 i B i iy T e Ahoxs th
T3k, WAk 7 HAEAIRL L A5 B SR DBk

RIFFIEE Y B (scaling properties).
LaMP [PEREHE 08 R RIF a9 R ik, Bl A
JEEAR TR S0 B I BE N, LaMP iy K i 46 %) P B 3 T
WA TR, X R B T VE I AR X /MY . 77 (1)
A, T2 BE 8 A ROMUR TR B8 R AR S Al A R
TELE R RN RS HERERE /7. B G = R AT 1) 1 22



x ST A T 160 7 7 P 1 22 1 RS 12 2 R A7 5 R 4 9

ik, LaMP (193 25 R A Bt — 2B oK.

WHEBRSEBENE. RE LaMP # L&

f Baseline 5| N T &AM I8, (HHLRCR T3

T R 2R Z HEFL S . 5 MCOTS ALk, LaMP i@
b TBE T WL RS S0 55 14 % B KRR T
RER IR R, i85 & (FLOPs) F#IK T 21 62%, [F]
I PEAERG R FSesl 7 R, X R LaMP 7ETHH %
PR RS HE S RE SR T 2 (M HUAS T AR trade-
off, J&— i &k H. = PE R A HE B I SR HE AL,

SRy B A T b L S B B R, PR R T
wall-clock runtime X} FLSESG. Wk 3 fiw, fE41—
W24 (A100 80 GB) ~, LaMP 7E#F I
TR A1 20 68 s, 7E 4 x A100 FEAHIFATEHE T
ARER Y 31 s (W3 4), A3 Predictive Decod-
ing ff1—2F, { A MCTS % 1/5. 5 ¥ “Hfr
FLOPs % 3 Fr i sk (e iy 22 [0l 31 5 &, LaMP A
X} Baseline ] FLOPs f5% 4 ~ 18.4x, X[ R 3%
EboN +5.18%/18.4x ~ 0.28%/x, i@t T MCTS
(+1.79%/48.5x =~ 0.04%/ x) 1 Predictive Decod-
ing (+2.51%/22.2x ~ 0.11%/x). 45 K&, LaMP
IEIR K TAE R 3 A 1 6 55 (IR 25 2 B AT+
EHOHHZ 0N R R e Mz, AR R

® 3 BAEHITRROTE R A, HERN ) S R A
X (Qwen2.5-VL-7B-Instruct, A100)

Table 3  Comprehensive comparison of computational

cost, inference time and accuracy for different reasoning

methods (Qwen2.5-VL-7B-Instruct, A100)

Jii: FLOPs  I[EIJF4H (s) Ave. (%)  #EmfiIG%
Baseline 8.35e+12 ~3 54.16 —
ICoT 1.88e+13 ~8 47.95 —6.21
DyFo 1.98e+13 ~12 54.80 +0.64
LaMP 1.54e+14 ~ 68 59.34 +5.18
Pred. Dec.  1.85e+14 ~81 56.67 +2.51
MCTS 4.05e+14 ~ 170 55.95 +1.79

# 4 LaMP &M BOF S8 58 5 (Qwen2.5-VL-
7B-Instruct, 4 FE4 /3548 x 5 A REEAR)
Table 4 Computational cost and time breakdown for
each stage of LaMP (Qwen2.5-VL-7B-Instruct,
4 samples/iteration x 5 effective iterations)

W FLOPs Fﬁis i (s) DU (s)
W B—: W5 2 FEVER AT 1.48¢+13  9.6% ~7 ~7
B —: BRI — — <1 <1
B = Z2MAERSREE 1.39e+14  904% ~58  ~21
B DY HERRGE S R 5 ok — — <1 <1
1/0 5EG mst — — ~2 ~2
i 1.54e+14 100.0% ~68  ~31

L P SR T 08 22 1

AR, ASON LaMP Py %5 B B BB (] 45
1T TR R (W3 4). 5 RER, B = (240
RS A BT E DAY ) R A0 BT BT, A
7 90.4% [ FLOPs f1%) 85.3% (58/68) 5L Fr#E
I, AHZ I BORIR SR 2 REEAZIFAT, A —i%AR
P A 326 5 AR A0 b 56 A ST, AN A7 B R R 1 2 e
KK R, 1E 4 x A100 BL BT, BB = HIFERT A ~
58 s PEA ~ 21 s (L ~ 2.8x), i £ iy i 2L B[]
M~ 68 s R ~31s (BRMEL ~ 2.2x). X—
U 2 VE I Inod e M 2R W, B G AT GPU 20 1)
B, LaMP (1) ) o (818 A Bk — B FEAK. B —
B LA GPU FLOPs, {Hillid i i85 B &
T 5% DXl A SR DR/ T B B = R i B N R
XPYERF AR AR B T OSBRI E .

3.4 HRASCI®

NTIRANIRIT LaMP HEZE #4200 2 A4F X 3
ANEREITTHR, AN SCTE MathVista F1 M3CoT #4fs
IR T Z RIS, B 5EEd 0 . LaMP
T BRI 5 = M A R AR R (] 3 FR)
6 UF - SRR R G e, B e AR A 2 4 AT
Rl 5 5 VR LA B e s e, i — AR AT B B
SLTTER 5 P A 5O
3.4.1 AHRIHR

MR ESHE RN (active search). B G, N
T ISR AL E B B, R T 2B
L RAE 5 T T4 HLE] (B “w /o active search”), ¥
TREH 2 WA Lyova TENHIN. SEER S5 R IR, 1248
RTERAN B AR IR I TR T . X
FHH, AR 4 =) PELB R RERSE P2 AR A 3 DA S 4% 5 2%

80

= MathVista
e M3CoT

K3 JHmEhseae s R
Fig.3 Results of ablation study
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S xx 5

s = EAERE, T AS SCHR R ) T i AL S R A
Rb 78 R B SR AL 2 R

AXHER IPLH K TRER (relative attention).
FUk, FPRAER R A0 VE = ) B B S e 7 A
71 Ares (BRI “w /0 relative attn™). g5 3R, AL
RERZH T — LRI, MathVista A1 M3CoT
BRI R B X UESE TR GRS T
A FTHEHRDRAS R, RS S v E C b B
X 385 AHEG T, AH S 2 AL ) 2 e 4 o 2 Ak
PRI S0, B 51 SRR SR AR T AR R T
FR AL AR AL T AR I AR i DG X ek oy A

X2 FE D43 SR B L Bt (dual score). ),
ARICRF T ERE VR B S HIE P, AEBRAL
o AH RME VP23 T AU K FE R AR BAB FE Seonr (R “w /0
dual score”) i}, MathVista A1 M3CoT FEITEREY
WL . ERAZ AR AR AR R 3 A 2R B IR,
BB Z W RFAE A SR A AR B T 80 5 BB F A
FFZIBEBL A, LaMP Ead b & 00 58 A o< 1 5 318 4
BAG R, AEORUEAL 0 A8 S 0 [R] I 4ERF 1 38 )™
TR, WP E 4 BT T e RE.
3.4.2 TFREEHR

NERG &M B AL oT R S R R R,
LaMP [ PYANBY B AE Dy e L I3 44 09 193 K 1 7] 32 1
AR A (FEBNGIREN), BB — (X R
FIFHEREE) 5P (5 BIG 6T 14%), 5 “E
2 BV >4 A A 2 R 3 AS 5 T 7R AR O A
N8, B Ja AR A A 4 SR A B Lgionar 1E AR
WHIN; AR B (ATREPEHEREDRAL), X B = (2
WA AT S WYL RE 1Ry ), ot “ B AL,
BV M A i #E R B4 Hh i B D0 D8R, B R S A AN
AR — BR AR T LB AS B EEAT SO, BB
(MEBES) AT B 5 I R) 1E NS AHE LR A6 2 IR B .
X PP T e 73 20 77 2 REIE M b X 73 HR 5 3 i A HE 2R
BoRE H T Ekid . 2T Qwen2.5-VL-7B-In-
struct FISEIREE RN 5 k.

SRS IR AR 1) WSRARR I B 3 HANAT
BARHIDTlR. AHECT P IR AE BRI AL AL & (68.30/
x5 ARGHAAHMERER (Qwen2.5-VL-7B-

Instruct, Acc. (%))
Table 5  Results of variant-level combinatorial ablation
study (Qwen2.5-VL-7B-Instruct, Acc. (%))

59.80), HUpHE A B ATk 4-1.50/+-2.02 42
TH, FMUE AR A TR +1.10/41.11 4T,
THBEA R IEBIERAR (70.80/62.68). HAAEA B K
M7 TR A I, 150 B I A DA o e A
RERIIREN JJ B8 K, ixX 5 32 S50 Hh il 5 3 5 7 VA R
PR T Al B3 i 7 IR A AH Y & 2) Bk A
HI DTk = B AR, ThEETC R /. PL MathVista N
fil, Ak A FIAE MR B 1AL STk 2 A (1.10% +
1.50% = 2.60% ) 5 W & BA 8 FH I S 0 5 (2.50% )
WARMHE, =2 2 0] )L AAFAE B S ) PR RE Y 7 R
TR, AT T — 2% BBIE A R R FR B35
A BRTTER, 7850 BN T 9 S AR AR I AN T A B
3.4.3 BRHEEHEGR

Nk — B IE LaMP &R M S
ANFEARME, 4 LaMP (¥4 25 284453 il 85 e hox be
T3 A D Re Xt B A AT A8 SO e sy AR T
5, Bk A AR F N DyFo BERAS X I80% #5 5R
W&, A8 4k B A4 & #: A Predictive Decoding )3
AL R AR VPG L], S2ahas Rk 6 Fior.

LE L RN T LR KRR 1) DyFo +
Predictive Decoding (69.00/60.96) AT A 577 %
AP RIEIFTHBE. DyFo 1 X $kik £ 76 4
FEUATT BRI — PR 5T, T V2 B HE 3 0 i 2 25 1 8
Predictive Decoding {3 K i S A< M 26 25 [8] 1At i
R E, WA R (5 B R s, TR T M
WA + SORBYE FINE RSN 2) DyFo + LaMP
AR B (69.70/61.73) NS 7L A R IR AR 1)
M &, 55 Full LaMP {3477 1.10/0.95 [ 2 5E,
JERTET DyFo MEA I X 584 B (405
FHOGPE PR3 72 25 8] T ReAS K55, IS5 7 XW4EVE 4y
PP FIRCR. 3) LaMP 284k A + Predictive Decoding
(69.40/61.30) HITEREAL T DyFo + LaMP 24k B,
BB EIE T R AR VTl AL AR 85T A0 A\ 5 o
I YRR DTHR SO . BT A 85 VA& 5 Full
LaMP Z [H] [ FFEEZEFRAfIN T e BEAE 28 o AR I 5

THA B 5 P A S
*6 BINEAMEHRIEER (Qwen2.5-VL-7B-
Instruct, Acc. (%))
Table 6  Results of cross-method component
replacement experiments (Qwen2.5-VL-7B-

Instruct, Acc. (%))

AR A Tk B MathVista M3CoT A&7 MathVista M3CoT
v v 70.80 62.68 DyFo + Predictive Decoding 69.00 60.96
v x 69.40 60.91 DyFo + LaMP Z&{k B (HiHEITAY) 69.70 61.73
X v 69.80 61.82 LaMP A8k A (#L52/& 1)+ Predictive Decoding  69.40 61.30
x x 68.30 59.80 Full LaMP (%44 A + 244 B) 70.80 62.68




x SR T A8 T 170 7% 7R PR I 5 P I e 22 AL A AL D PR 2 11

3.5 SEEBMI

LaMP [t fe S5 A2 24 S8 S50
FLE G2 . R 2R G0 AR B I AR 1 M e — R A A
AR ATHER . L SR 50E K E0 R
B wyfw,~ FEXIRAERSE M 5 pun- (555
PIHEBIAE 0, LA SVE = SR U s A 22 10 B g N 5
WS F BRURR A 23 B BRI UL B A, BT A S G 35
F Qwen2.5-VL-7B-Instruct 157,

3.5.1 RIERE L SHEREHE K

AT BE HEEE 1) e KIRE L 55— 55 RAE IRk
X E K 250 LaMP #3585 i8R
WA Z DS H. 3T MathVista f1 M3CoT %t
PEEENT oy BEAT T B AR S, (B L 5
Hnt, K [EER 3; A K S8, L RN 5.
SR WE 7 R,

RATBEYRRE L KW, [8 2 RAEE K = 3, it
FDH L N 3 AN 7. W RN, BEE A ERIE N,
B PERE RO BT TR, ML =3
BF, H T HEER A R, AR A A o DL 5 Rk % k2
eV Y LG INZ 5 B, BIAYAE MathVista b A#E
WA BIWEAY . AR, kBB E L =7 H £
ok RS T, R T3 FLOPs 2 28 P38
K, B pfEEnes 5| N T iR % BRI A

HHEBEAENE K BPUE. e L =5, #i
HFRAEE K (A1 3] 5) szm. g5 R ER, 2 K&K
AN (U K= 1) B AR AT R 5 R 5 B A A 2R R
BEE K INE 3, AR EIRTE. HY K #E—b
Nz 5w, PERENY as i bRid ek, R THEFES (FLOPs)
Kigsgn, Hik 2 5 5 X 80T a8 5] AT K=+
PUAETE.

AR HCR SR ERE, R & LK
WEBERI T L=5MK=31EN®RINEE, LLE
A2 W TH S AR T S IR e A0 P B A 6.

3.5.2 ESNE w,/w,

RNERGEA (13) F w, 5 w, 158 LB AN [H

SRME S BRI, [ 5E w, + w, = 1.0, K w, M 0.1

BALE 0.5 (5K 0.1), E=EAMREAF FERHE S 1
R BT T S EURE . %5050 B R R
BB E SR IS TEA RIS AUT 55 i s
FbR &R, SRiest Ransk 8 fik.

KR EW: 1) w, =03, w, =0.7 EFIG
AR FIHUR T R B R PERE, 4
fid 8 B A RIF s ER e . X—0 R 04 B
Bese: Rl Fh AL, #E & B RO 4R
SR (H w, N5 ES), TR 5%
FER w5 “Hie EH, BT 2R BEA
i B B FE S (F w, AEEHE). 2) Bw, BK
I, BT B S RS T 46 N B, X 2 R ARt
AR AR B FE UL FE AT B 5 OB 2R AT 17 T 3 B R 3 <
SPORHEREER AR, AT TR 2 T AR R
3.5.3 REXBEREH M 5 puin

R B IE A5 36 X S AR RS B B A E M, 7R
MathVista 6] 46 15 308 50 M R B /)N 3 85 L 45
Pin AT TR AR RS SR W 9 fis. W
WIga ik £ M, [ BN BT A pse = 0.3, 24
M M 3 MG 10 W AEH R I 5T (69.3% —
70.8%), 22 B E 2 A RE % 1l SR AN [FDRLFE (3 =
REX; Y4 M 4SS 15 120 KPR T
A 3 I BB R A P2 AR T K R P B PRI X
1, A5 B0 3 BRI . 2 [ e G R iE R M oA
10, XF T/ DRI puain s 1 DE (puin = 0.1)
T B e X IRAY 7 SN I R F, R T
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Table 7  Analysis of the impact of lookahead depth L and reasoning path number K on the experimental results
MathVista M3CoT MathVista M3CoT
il 5 Acc. (%) Acc. (%) FLOPs ER Acc. (%) Acc. (%) FLOPs
L=3 69.40 60.65 9.50e+13 K=1 68.90 60.48 8.70e+13
L=4 70.20 61.91 1.25e+14 K=2 70.10 61.73 1.22e+14
L=5 70.80 62.68 1.54e+14 K =3 70.80 62.68 1.54e+14
L=6 71.00 63.07 1.79e+14 K=4 71.20 63.55 1.83e+14
L=7 71.10 63.42 2.02e+14 K=5 71.50 64.06 2.10e+14
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RAL AFEE SRR P BEXT LE

(Qwen2.5-VL-7B, Acc. (%))

Table 8  Sensitivity analysis of logical confidence w, and Table 11  Performance comparison of different
visual relevance w, on different datasets attention extraction strategies (Qwen2.5-VL-7B,
(Qwen2.5-VL-7B-Instruct, Acc. (%)) Acc. (%))
wy Wp MathVista (%) PhysReason (¥3) SciQA-IMG (£%%}) TR R MathVista M3CoT
0.1 0.9 70.20 20.21 80.48 B 1/3 24y 69.30 61.04
0.2 0.8 70.50 21.05 81.23 ila] 1/3 2P 69.80 61.65
0.3 0.7 70.80 21.76 81.95 JE 1/3 23 70.30 62.17
0.4 0.6 70.60 21.28 81.61 EXINES Y] 70.00 61.82
0.5 0.5 70.10 20.47 80.83 i Ja—)Z Top-4 3k 70.50 62.34
iRk T 70.80 62.68
# 9 RIEXIEAE A DS EBEBURTE ST (Qwen2.5-VL-
7B-Instruct, MathVista) (%) MHRFEESE A (W 1/3 — Hial 1/3 — J5 1/3), 3uk 1
Table 9  Sensitivity analysis of core parameters for REVEE EEBESE XU F LR ® , x5
candidate region generatIOIll (Qwen2.5—VL— Transformer *ﬁﬂ EP “?ﬂ%EﬁT}%'fE&é&q:%?ﬂz\ %E}% @*ﬁ
7B-Instruct, MathVista) (%) PN ,
— AR SO ) — B — 2 2) R (70.00%/
IRt EL A 3 R 61.829%) R KJG 1/3 24 (70.30%/62.17%),
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Table 10 Sensitivity analysis of information gain gating TR RS R, B — B2 FHERNEIEE
threshold ¢ (Qwen2.5-VL-7B-Instruct, K = 3) EIEUE RS, B T 4R R A B
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1.0 70.80 62.68 1.54e+14 I~ TR P T A B HC X A N AE AN B 4R 3%
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# 12  ZHEENFEIEN T (Qwen2.5-VL-7B-Instruct,
K =3,0=1.0, Acc. (%))
Table 12 Comparison of multi-view input strategies
(Qwen2.5-VL-7B-Instruct, K =3, § = 1.0,
Acc. (%))
Mg MathVista M3CoT
EAISER TN 69.70 61.73
B JE AT A 70.80 62.68
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(n the figure, KL is )
tangent to circle M
at K. Find the

e 70

+«AMKL is a right-angled
triangle---MK is z and KL

The hypotenuse ML measures
107 ---yields no solution for z.

v

1
1
1
|
1
1
|

value of z.

point K in the diagram. This

There is a right-angle symbol at
indicates that £~ MKL = 90°.

---Therefore, the length of ML| ,
is (z + 10)---Pythagorean 1

theorem:---derive that x = 9.45. :

]

the circuit above

: N e e e D _-_-_-_--_-_-___-Y.
. 17 -««the length of the hypotenuse
z . © o .
0 ML is 10--- 22, | The value of z is 9.45.
N ———————— s
-------------------- EESEEEEEe
19 30 Observe four resistors connected | |
end-to-end in a diamond :
( . ) 20 R configuration, :--the classic \
If the ammeter in - . A N e tientietenliosfntienti et el et eedleiee ettt
ellc3 Wheatstone bridge structure. :
1

---the left branch (consisting of

reads zero, what is
the resistance R?

0---balanced state.

‘reads zero’, this implies that the :
intermediate branch current is

1 Qand 2 Q--+) and the right
branch (consisting of 3 € and R---

1Q :§: 3Q

2Q R

This is a direct current power
_Illl + [supply. providing a voltage of E---

19 30 -+--Bridge equilibrium law---1 x
R =2 x 3, yielding a resistance
lue of 6 Q. !
90 r | [FRlueo 6

=ik

1

1

1

1

1

1

1 1 1Q 3Q
1 1

: 1Q 3 Q| | -+-the centre is the ammeter A...it | 1 : 29Q R
ks =
1 1

1 1

1 1

1 1

1 1

1 1

! |

1

1

1

1

1

~ - 29 -+-two resistors near the positive
::‘R terminal are 3 Q and R--+

K4 LaMP J5ikfesns B HER R 2 AR S R RAE R 6 0

Fig.4 A case analysis on the LaMP method for multi-perspective exploration and local verification in

diagram problem-solving
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[ #: What would happen if
there were less crickets?

Cricket —* Rat—— Owl

Rat
Grass ——» Sheep —— Wolf

Wolf

If crickets decrease, the primary food source for rats decreases.

Consequently, the Rat population will also decline. ’

A. The rats would die.
B. There would be less deer.
C. There would be less wolves.

Grass—— Sheep — Wolf

Deer

Cricket —*Rat—— Owl

Since rats decrease, wolves have less food, resulting in less
wolves-++ Based on ecological compensation, wolves will
hunt more deer. So there would be less deer. (B)

™~ Deer / i

D. There would be less grass.

|1 #i: Find z to the nearest

JEH RS

VA (B LR w,

= 0.7, WHAE w, = 0.3)

tenth. Assume that segments that
appear to be tangent are tangent.

3
L&

Observe intersecting chords
inside the circle

17 103 *17 e 216, (D) ‘ 81
L , 0 zis 21.6. (D) o[BI\

81 *x=

--+if a tangent and a secant are
drawn from the same external
point, then 10.3°2 = 8.1*
(8.1 + 2),s0 z = 5.0. (A)

15

%

1

1

1

1

1

1

ik

A5 '

) B.8.1 i
I 1
» C.10.3 !

1

1

1

A. Adeline B. Benjamin C. Carole D. David

S =094 Sont = 0.32 S2 = 0.90 Sewe = 0.88
8.1 o
\ D.21.6 SL o —0.506 52— 08
r ARSI = B AR AR

[A] #: -+ Jacques managed to draw the four streets, the seven places where they cross and the houses of his friends.
The houses are marked on the correct streets, and the intersections are correct, however, in reality, Arrow street, nail
street and ruler street are all absolutely straight. The fourth street is curvy street. Who lives on curvy street?

E. It is impossible to tell without a better map

Benjamin

:IVVe have: 3 straight streets-++; 1 curved street--; 7 intersections-++; 4 houses |»| -++C(4,2) = 6 intersections max. But we have 7 intersections-ul

straight line. The answer is B.

-++I believe Benjamin lives on curvy street, as his street shows the most obvious S-curve pattern that couldn't be a misdrawn

»

5
Fig.5
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AR SCEF R 2 RS KA A R = B 1) B AR
COREN—HEFR B PS8, SR T —FRIE T RTREVEAL
HZ A HEEAE S (LaMP). 28 & T A&
B2 (System 2)” [FJINFIHLER, A i@ S 5] AAHXS
ERE AU S5 BG4, Wl 1R = B s
PP, SEEL T A B4 R gm b 2 3 Sh Atk R RN
e AR, LaMP /4 1 sh A1 W 82— 1156
WE” I R4, R A o0 1 5 @ 48 B 5 AT
KRG, B INE 7K R EL) . 1
MathVista 5 M3CoT % 2 Mg E LI seie R
B, LaMP AMUTEHER R LB ELT MCTS %0AH
FERTTHE, BT E IR S HEE M R 2 (A S T AR
FERP. Ak, toR it — PR R Z LG 5 5
RISt S B A T GEAT 55 iz AR 7).
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