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A Cascade Reinforcement Learning Strategy for Efficiently Enhancing the Reasoning

Ability of Multimodal Large Language Models

WANG Wei-Yun"?> PU Heng-Jun' JING Ling-Lin' QIAO Yu'

Abstract Reinforcement learning has demonstrated substantial potential in enhancing the reasoning ability of mul-
timodal large language models and has become a critical step during model training. However, online reinforcement
learning algorithms require real-time sampling from the policy model during training and typically suffer from slow
convergence speed, resulting in high training cost; Offline reinforcement learning algorithms offer lower overall cost
but often sacrifices performance ceiling. In this paper, we propose a novel training strategy, termed cascade rein-
forcement learning, which integrates the low training cost of offline reinforcement learning with the superior per-
formance potential of online reinforcement learning. This training strategy consists of two stages: An offline rein-
forcement learning stage that accelerates model convergence and improves subsequent training stability, followed by
an online reinforcement learning stage that performs more fine-grained training to further enhance the model’s per-
formance ceiling. Through extensive quantitative analysis, we demonstrate that our cascade reinforcement learning
achieves higher performance ceiling than standalone online reinforcement learning algorithms while requiring only
half of the training cost. Using this simple yet effective training strategy, we improve the average accuracy of In-
ternVL3.5-8B-Instruct and InternVL3.5-241B-A28B-Instruct by 6.7% and 6.5%, respectively, across seven mul-
timodal reasoning evaluation benchmarks, validating the effectiveness and scalability of the proposed strategy.
Keywords multimodal large language models; reinforcement learning; efficient post-training strategy; reasoning
ability enhancement
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KiBEFEMME, BT H 3 B A R B AR,
BRI R FE B A S 4 B B ), AR AT X 2
KIG T BB R 2o 5 S Aoy B it 38
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PREE . B X — LR, — A8 ) 2 B 5 5 &
A SN GRAC R R e 5 AE 2 sl b 2 2] g
R AR AR LS A AT DL SE AR PR R A T 21 5 iy
[rIERE.

AICGER — R E RS, WNZREUAR LSt
Re e o I AR B2, o0 M AN IR B 42 S AE G 5 21 S/
WG T RS, 2 RS B4 (multi-
modal chain-of-thought, M3CoT) £#54E" 11l 4k
EEMISIEEE SIS &, B T2 BuR R R 7861
g, i R A e — 2 I SRk 10 7
FORBAA IR B T iz 5t vt AR sk
O YN R AR VR BRI 2. B T I BE S5
ASCRILCA N 58 1) X5 T-F8 A0 Ja (A 8 7 HE
FERE ) RS E ISR, B AR A S 2] FIAE 2 Ak
STHERT DU R LA e B O B s g M Re I AR s 2) AE
AIREAR 5T, B ST WSOE FE T R, HL
73 B PR RS At v T AE 2R AL A 2T TR A R R
YR, R R ) R I AR R R 3) 7E
BIREARA 5N, EAR RIS )@ L S i 25 4k 5k
A2 S BEEAT U Sk, Pl IS AR A oAk 2 2] SRR
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(a) PrifEsRibaE>]

(a) Vanilla RL (b) Iterative
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(c) CascadeRL
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Illustration of different RL frameworks
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Table 1 ~ Comparison of training results for
different algorithms
R YIgm pidce BRAANE 5
SR
InternVL3.5-4B-Instruct — — 57.5
A BRI
SFT (Half) ~59.2K 5.3 64.4
SFT (Half x 2) ~ 1184 K 8.0 66.6
SFT (Full) ~1243 K 8.0 67.0
BELRBRAL Y 2] B
DPO (Half) ~ 645 K 45 67.3
DPO (Half x 2) ~129.1 K 8.5 70.2
DPO (Full) ~1282K 85 69.5
MPO (Half) ~ 645 K 46 68.0
MPO (Half x 2) ~129.1 K 8.5 70.8
MPO (Full) ~1282 K 8.5 70.8
TELR DR ST B
GRPO (Half) ~ 629 K 65.2 63.9
GRPO (Half x 2) ~125.8 K 141.4 69.8
GRPO (Full) ~ 1258 K 144.4 715
GSPO (Half) ~ 629 K 65.4 63.4
GSPO (Half x 2) ~125.8 K 159.3 67.3
GSPO (Full) ~125.8 K 168.6 72.0
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Table 3
different CascadeRL instances

Training results based on

TR g pigeeE  RRAEH Sa

SFT — GRPO ~122.1 K 66.0 70.3
SFT — GSPO ~122.1 K 75.4 71.3
GRPO — DPO ~1274K 73.2 70.1
GRPO — MPO ~1274 K 73.2 70.4
GSPO — DPO ~1274K 73.4 68.1
GSPO — MPO ~1274K 73.4 70.0
DPO — GRPO ~1274 K 63.2 69.9
DPO — GSPO ~1274 K 67.8 71.6
MPO — GRPO ~1274K 68.1 715
MPO — GSPO ~1274K 68.3 72.2
MPO (Full) —» GRPO ~191.1K 70.4 72.3
MPO (Full) — GSPO ~191.1 K 72.1 72.1

5) AN [A 5 Ak 2 333 2O SN2 A BE 1 R
Wi, 2% 4 $eft TRALE M3CoT EIZRe s, fEH
A A B PRI v b BEAT PRI A £ 2R (4523 (IE#A
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25 0.5 M. ARG LA AT 2.0 SRERIEA
(7] A5 A B I o AR e R ) 18 et J LT AR
[FIFRT, T ORUEXT LG (0 23 P 45 R, 390 B 4k
B B I 25 e ), 76 TR — 4 cHE 3 m i g Ik
(1.5:0.5), MHECJRIE BRI 21 J7 % (1.0: 1.0)
(Rt e 22, T 1900 E 2R B B AR I 25 Bl Asi) mT AR A
Rk Bilas. HREER I AN R, AT
1.0 : 1.0 FI LGSR 445 7 125 a1 1

x5 AEHESEEE I RN

T4 REEEVNGS GRS £ 5 B Table 5 Impact of different hyperparameter settings on
Table 4  Performance of models trained with different training results
algorithms on out-of-domain evaluation sets I E MPO GSPO
it M3CoT MMMU MathVerse InternVL3.5-4B-Instruct 57.5 57.5
InternVL3.5-4B-Instruct 57.5 62.3 42.4 BEA™ ) RRAE [ W B4 B
SFT (Full) 67.0 59.6 39.8 AR 0] R 4 20 1S 63.4 60.1
MPO (Full) 70.8 60.7 44.2 B i) CRAY: 8 2 [ 67.6 63.7
GSPO (Full) 72.0 63.3 43.5 AN A ERAE 16 2500 3 70.8 72.0
GSPO — MPO 70.0 60.4 43.5 BEA 1) FERAF: 32 25N 71.2 71.7
MPO — GSPO 72.2 62.8 44.8 KL B 2058
coef =0 — 1.7
6) AN [FIEE S BT IR RCR . % 5 BT 5 coef = 0.001 — .7
2k S E vk MPO IR £k stk 2 S Hyk GSPO coef = 0.100 — 71.8
AR T ARRA I SR A [7) 14 ) 7 4 B PSS 28 )1 22 coef = 1.000 — 71.1

BOR (1577 (IERRER)). UG 45 KR, P AR SRIEN
S E B RS E, SR A EUERFE 4 200
I, B PERESR THRAEH A IR, A SCOA X2
NI AL Pass@QN PERE, BIZHK A2 N IKI &
bR [ IR IR AN i, PR 7 AR I SRS
IrERE EFR, MR AR 1 FL N ZRRCR . T 2 R4 i
R P M 7 5 A N 1 8 = 16 B, ST ) 56 AIE
ENEREAIUAG 2t — 2B IR T, SR 24 KA 32 2% Wi B
B, A ML R, GSPO FIEMIZRBUER
BIFIE N R, A SCU X R RTT AR ) 5 S o
B ek R S A R B . B P8 BRAE 32 5%
M IE S 75 5 FR) S 36 s A DA B ML T A 1) e 4005 JRUR
ARG FEAE TR I EERAE 16 26 00 L ) e B 2
ITIRE:S. BRikz 4h, & 5 thigft 7 A F KL
FELVRIR R GRRCR, Hrf coef o KL HUE i
SRIIBLE R HL, coef = 0 B RREA KL UK.
25 RRH, R 5IN KL B R I ZR R R
AR, R E KL BUZELRBEBRN, B2
PR AT A PR R 23 18], BET RO ES I ZRRCR. & 6

® 6 AR LA LR 2 B ZRas SR

Table 6  Training results of different offline and
online reinforcement learning ratios
K RE N GSPO
InternVL3.5-4B-Instruct — 57.5
20:0 ~85K 70.8
1.5:0.5 ~48.1 K 71.4
1.0:1.0 ~68.3 K 72.2
0.5:1.5 ~130.2 K 72.3
0:20 ~168.6 K 72.0
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ANFEFI ISR BFE AR Bz m . B 2 F g aR T8
AR F LN InternVL3.5-4B-Instruct i F2EH,
TR AR IR ST L AR AR R 1) 1 SRR AR 6 B0 2E o %
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Table 7 Comparison of multimodal reasoning performance across different models
MMMU  MathVista MathVerse X
po®it} (val) (mini) MathVision (vision-only) DynaMath ~ WeMath  LogicVista  ~F#)4)
InternVL3-1B®) 43.4 45.8 18.8 18.7 5.8 13.4 29.8 25.1
InternVL3.5-1B-CascadeRL 44.2 59.3 27.3 37.8 17.2 21.5 29.3 33.8
Ovis-2B 45.6 64.1 17.7 29.4 10.0 9.9 34.7 30.2
Qwen2.5-VL-3B™ 51.2 61.2 21.9 31.2 13.2 22.9 40.3 34.6
InternVL3-2B) 48.6 57.0 21.7 25.3 14.6 22.4 36.9 32.4
InternVL3.5-2B-CascadeRL 59.0 71.8 42.8 53.4 31.5 48.5 47.7 50.7
Ovis-4B 49.0 69.6 21.5 38.5 18.0 16.9 35.3 35.5
MiniCPM-V-4-4B!% 51.2 66.9 20.7 18.3 14.2 32.7 30.6 33.5
InternVL2.5-4B1% 51.8 64.1 18.4 27.7 15.2 21.2 34.2 33.2
InternVL3.5-4B-CascadeRL 66.6 77.1 54.4 61.7 35.7 50.1 56.4 57.4
MiniCPM-02.6!** 50.9 73.3 21.7 35.0 10.4 25.2 36.0 36.1
Ovis-8B 57.4 71.8 25.9 42.3 20.4 27.2 39.4 40.6
Qwen2.5-VL-8B™ 55.0 67.8 25.4 41.1 21.0 35.2 44.1 41.4
MiMo-VL-RL-8B!"! 66.7 81.5 60.4 71.5 45.9 66.3 61.4 64.8
Keye-VL-8B™ 71.4 80.7 50.8 54.8 37.3 60.7 54.8 58.6
GLM-4.1V-9B®" 68.0 80.7 54.4 68.4 42.5 63.8 60.4 62.6
InternVL3-8B 62.7 71.6 29.3 39.8 25.5 37.1 44.1 44.3
InternVL3.5-8B-CascadeRL 73.4 78.4 56.8 61.5 37.7 57.0 57.3 60.3
Gemma-3-12B"! 55.2 56.1 30.3 21.1 20.8 33.6 41.2 36.9
Ovis2-16B" 60.7 3.7 30.1 45.8 26.3 45.0 47.4 47.0
InternVL3-14B" 67.1 75.1 37.2 44.4 31.3 43.0 51.2 49.9
InternVL3.5-14B-CascadeRL 73.3 80.5 59.9 62.8 38.7 58.7 60.2 62.0
Kimi-VL-A3B-25061 64.0 80.1 54.4 54.6 28.1 42.0 51.4 53.5
InternVL3.5-30B-A3B-CascadeRL 75.6 80.9 55.7 60.4 36.5 48.4 55.7 59.0
Gemma-3-27B1 64.9 59.8 39.8 34.0 28.5 37.9 47.3 44.6
Ovis2-34B/Y 66.7 76.1 31.9 50.1 27.5 51.9 49.9 50.6
Qwen2.5-VL-32B1% 70.2 74.8 38.1 57.6 35.1 46.5 52.6 53.6
Skywork-R1V3-38B!" 76.0 77.1 52.6 59.6 35.1 56.5 59.7 59.5
InternVL3-38B 70.1 75.1 34.2 48.2 35.3 48.6 58.4 52.8
InternVL3.5-38B-CascadeRL 76.9 81.9 63.7 67.6 41.7 64.8 65.3 66.0
GPT-5-nano-20250807"! 72.6 73.1 59.7 66.6 47.9 59.4 57.5 62.4
GPT-5-20250807"" 81.8 81.9 72.0 81.2 60.9 71.1 70.0 74.1
Claude-3.7-Sonnet " 75.0 66.8 41.9 46.7 39.7 49.3 58.2 53.9
Gemini-2.0-Prot? 69.9 71.3 48.1 67.3 43.3 56.5 53.2 58.5
Gemini-2.5-Prol? 4.7 80.9 69.1 76.9 56.3 78.0 73.8 72.8
Doubao-1.5-Pro* 73.8 78.6 51.5 64.7 44.9 65.7 64.2 63.3
GLM-4.5V?) 75.4 84.6 65.6 72.1 53.9 68.8 62.4 69.0
QvQ-72B-Preview!"” 70.3 70.3 34.9 48.2 30.7 39.0 58.2 50.2
Qwen2.5-VL-72B1% 68.2 74.2 39.3 47.3 35.9 49.1 55.7 52.8
Step3-321B-A38B 74.2 79.2 64.8 62.7 50.1 59.8 60.2 64.4
InternVL3-78B 72.2 79.0 43.1 51.0 35.1 46.1 55.9 54.6
InternVL3.5-241B-A28B-CascadeRL 7.7 82.7 63.9 68.5 46.5 62.3 66.7 66.9

(241B-A28B #H +6.5%, 38B B +8.3%, 14B ##
B +7.19%) KT 3 /NBL AR (2B #3 +12.2%),

(ERA NI NGRS R, KOy KRR
IR R Y ZR B8 78 70, £ AR R Kt B A48 2R BEAIR,
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Impact of different CascadeRL stages on model reasoning performance
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Table 8 Comparison of multimodal reasoning performance after different training stages

e M(ll%U ME(‘EX:)S“L MathVision gfjg;‘gi; DynaMath ~ WeMath  LogicVista  F-#54
InternVL3.5-1B-Instruct 37.2 48.6 15.8 27.0 8.4 13.9 29.1 25.7
+ MPO 40.3 50.5 22.0 32.1 9.0 16.8 32.7 29.1
+ CascadeRL 44.2 59.3 27.3 37.8 17.2 21.5 29.3 33.8
InternVL3.5-2B-Instruct 53.0 60.8 27.0 39.6 19.8 28.1 41.2 38.5
+ MPO 54.3 62.6 34.2 46.4 21.0 28.1 40.9 41.1
+ CascadeRL 59.0 71.8 42.8 53.4 31.5 48.5 47.7 50.7
InternVL3.5-4B-Instruct 64.3 714 40.5 50.0 30.7 35.6 53.5 49.4
+ MPO 65.4 1.7 48.0 54.9 30.7 39.8 55.9 52.3
+ CascadeRL 66.6 77.1 54.4 61.7 35.7 50.1 56.4 57.4
InternVL3.5-8B-Instruct 68.1 74.2 46.4 55.8 30.7 46.0 53.9 53.6
+ MPO 71.2 75.9 52.6 54.8 33.1 47.7 58.6 56.3
+ CascadeRL 73.4 78.4 56.8 61.5 37.7 57.0 57.3 60.3
InternVL3.5-14B-Instruct 71.8 73.4 48.7 55.5 31.9 45.7 57.5 54.9
+ MPO 73.3 74.0 53.0 57.5 32.3 45.2 60.9 56.6
+ CascadeRL 73.3 80.5 59.9 62.8 38.7 58.7 60.2 62.0
InternVL3.5-30B-A3B-Instruct 72.3 73.3 45.1 50.4 31.9 39.7 56.4 52.7
+ MPO 1.7 75.3 50.7 58.5 32.9 43.7 59.7 56.1
+ CascadeRL 75.6 80.9 55.7 60.4 36.5 484 55.7 59.0
InternVL3.5-38B-Instruct 73.9 75.9 58.2 59.0 29.7 47.5 60.0 57.7
+ MPO 76.9 80.5 56.3 59.4 36.9 55.6 64.2 61.4
+ CascadeRL 76.9 81.9 63.7 67.6 41.7 64.8 65.3 66.0
InternVL3.5-241B-A28B-Instruct 76.2 80.1 55.6 61.7 36.5 49.7 63.3 60.4
+ MPO 76.0 82.2 55.3 64.1 38.3 51.3 69.4 62.4
+ CascadeRL 7.7 82.7 63.9 68.5 46.5 62.3 66.7 66.9
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Table 9  Comparison of training efficiency and performance among offline RL (MPO),
online RL (GSPO), and CascadeRL
Fe Ay BRI M(lzg\SU M?Itizll; ta MathVision (g;tol;\_/j;f;) DynaMath ~ WeMath  LogicVista )43
InternVL3.5-8B-Instruct — 68.1 74.2 46.4 55.8 30.7 46.0 53.9 53.6
+ MPO ~0.3K 71.2 75.9 52.6 54.8 33.1 47.7 58.6 56.3
+ GSPO (1 episode) ~55K 73.8 77.9 51.6 58.8 35.1 48.9 54.8 57.3
+ GSPO (2 episodes) ~11.0 K 72.0 78.1 51.6 58.5 35.7 54.1 57.0 58.2
+ CascadeRL ~58 K 73.4 78.4 56.8 61.5 37.7 57.0 57.3 60.3

2, E RGN IUEHE R, X T GSPO,
W R ZR— RPN IS 2 R SEB R,
MPO X 75 # b 1) 2R /N B B AT B A 2.7% 1135
IPETE, PRI T B LR SR AN 2 I WSSO R R R
GSPO J& & R 7 K 3 KR FE ) Ve REAR T, (EARAN
se SN BT EL B AS (M ~ 0.3 K AR/
B hng] ~ 5.5 K &R/, #2510 GSPO
HII R AT L oK B8 2 PR RE i et , 349 1 7Y 11
B4 I 57.3 FEFEF 58.2, ML T ELL IR X Hk
PEfe b B SR 2 I G B SRR . AHEEZ T,
PR AL 2 S AR T GSPO — ¥ R /N (1 15
DR, ¥ iEE T 60.3, SLBLT 6.7% WX 4R T,
HeE T WSIORFE PR, M RE b PR s e, AHELES 3.2

TP SRR, I S 45 RAE T T AE SRR
IR E T, ZIBCsmA 2% >3 28 vl LA LU SE AR (¥ oA
R B

4 TEMSH

AR TR TR A ST I ZRAT a1
B L SR UL b R B AR ) T HE B RE D AR A AR
Bl B 4(a) st TR ZRAT 5 #R RE [ 2 IR
ALH . XA TR B, IR AR R 45 ) B
AR AR TR] PR [R] I SE N AT 5. XMl s ok AR )|
SR R B[R] — AT 2 UCR BRI 45, X T
IZRATHRE R AR R B BB T A T 521 A8
YEBESE IR 5, (ER R LA ] S () S8 4k S n]

4 A
EARSE DR EAANAFTHEAHARER ZARCEBATRES, A RANELER | RREADHEELR.
£ (AVE B)3 O D227 ®)6
InternVL3.5-241B-A28B-Instruct: InternVL3.5-241B-A28B-CascadeRL (&3 # #):
A . 5 MERE L REA e b < < Bl = 1
REABHEER x 1 x 1 R ERTRAY ) ). ln(d-r)
RATNE R A B R AT ' ’
1L BERET 3.
- BAHEMER A =mi=nx1=n 4
- M EENER: A 3 s ;
) 6. EAr=1Elk n=v2fn=y3
7. ZABMRBLEE: 1y x 1 X ra=1 % VZ x V3=16
3 FAEEEL V6 ERETE (A)
4.
B
o
g 141, BE:rf=1+2n
=ViFm n=ViTZn
1 X1 X =1 x VIF7 x VI 2r =/(1+ m(1 +2m) =VI+3n + 222
8. % mx 314 B, HHAEL 14+ 3w+ 2n% = 14942 + 19.63 = 30.05
s V30.05 ~ 5.49. ik, ZABERLELRRBRG.
\_ EE: A )
(a) VIR 515 RE MRI25 LE 70 f0 i L A 45
(a) Examples of outputs answered correctly both before and after training
13 FL:
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S HIHIHIHTH ) ——  Aas-slkses 2 ssmss T TLEPE 0% T8 EEEKE BHE 12 TERARM, RITE
FIREWH n FEREF—FAKRERE (32 - n) FHERA g K% BEB—HE R B THARERH R 7%
FHE, B -FIKEHERS 4:32 - 11 = 21 FTOL, G 1S RIHENRS 21 SR, BREAKEn FEMGAE BWH m FERFER FUTHE: n+m=7+12=19,
Bk, 4 KE A RS 11 SRR, KE B MERESHS H:19-11 =8 L, GFRF A KK
1 FEFHERNERE B HF 8 S,

(b) VIS5 A RE o] 2 LT A )

(b) Examples of outputs answered correctly only after training

K 4
Fig.4
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Comparison of model output results before and after training
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Fig.5  Generation probabilities of positive and negative responses relative to the initial model during

training with different algorithms
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