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Motivation

Limitation of Supervised Fine-Tuning (SFT): Imitation, Not Understanding

SFT on positive Chain-of-Thought (CoT) data leads models to mimic successful reasoning paths

However, models often fail to comprehend what constitutes flawed or incorrect reasoning

The "Sparse Reward" Issue in Online Reinforcement Learning (RL)

Recent LLM advancements leverage online RL (e.g., Deepseek-R1's GRPO) with outcome-level rewards

Challenge for MLLMSs: Applying this directly to MLLMs, especially smaller ones, often results in a sparse reward issue

Consequences of Sparse Rewards:

Poor Efficiency

Unstable Learning Process
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StepGRPO

Step-wise Reasoning Accuracy Reward (StepRAR)

Rewards the reasoning path using a soft key step matching technique

—> Evaluate whether the reasoning path contains key intermediate reasoning steps

Step-wise Reasoning Validity Reward (StepRVR)

rewards the reasoning path based on a reasoning completeness and logic evaluation method

—> Assess whether the reasoning process is well-structured and logically consistent

Help mitigate the sparse reward issue by providing informative rewards,

even when the reasoning path does not produce the correct final answer
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StepGRPO Overview

Question: In the given diagram, triangle Answer: Step I: Since AD is a median, it divides triangle ABC into two equal arcas: ABD and ACD. Step
ABC has AD as its median and point E is 2: Segment AE s half of AD, splitting triangle ABD into two triangles of equal area: ABE and BED. Step
the midpoint of AD. If the area of triangle 3:The area of triangle ABD is half of triangle ABC, which is frac{12}{2} = 6. Step 4:Since E is the
ABC is 12, what is the area of triangle midpoint of AD, triangle ABE is half of triangle ABD. Therefore, the area of triangle ABE is frac{6}{2] =
ABE? 3. The final answer is 3.
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Overview
Question: In the given diagram, triangle Answer: Step 1: Since AD is a median, it divides triangle ABC into two equal arcas: ABD and ACD. Step
ABC has AD as its median and point E is 2: Segment AE s half of AD, splitting triangle ABD into two triangles of equal area: ABE and BED. Step
the midpoint of AD. If the area of triangle 3:The area of triangle ABD is half of triangle ABC, which is frac{12}{2} = 6. Step 4:Since E is the
ABC is 12, what is the area of triangle midpoint of AD, triangle ABE is half of triangle ABD. Therefore, the area of triangle ABE is frac{6}{2] =
ABE? 3. The final answer is 3.
Step-wise Group Relative Policy Opﬂm/ﬂon ........................................................ Soft key-step matching ... \
Group of generated reasoning paths Reward Function Rewards
s Aniiain, . v
pc'i| af [ a3 a} ]—'[ H Answer: 3] [ Step-wise ) a
Reasoning Accuracy oy
i Rawaid ] Advantage
Warm-up : : \
3 0 EX e - 2
Q“‘ Policy MLLM g tall ]‘?’[“2 o a H |>{Answer: 6 | — > : \_'L’J—’[‘ )
: Step-wise :
Reasoning Validity -
oM [a{' H a¥ H ay! '—o{ '—-l Answer: 3) & Reward :

(a) Step-wise Reasoning Accuracy Reward (b) Step-wise Reuoning Validity Reward

Augmentations:

1. AD is a median; median is AD
2. equal area; ...

3. AE is half of AD; AE=1/2AD
4. frac{12}{2} =6; 122=6, ...
5. E is the midpoint; ...

6. frac{6}{2} =3; 6/2 =3, ...

[ Pre-extracted key steps with [ Soft key-step matching : #Descnpuon = #Rationale > # Stepl > ... 2 #Step N> #idnswer. V]

#Description: The image shows ....; #Rationale:| | ; Reasoning completeness

Ih: qul;stlon as:s for :‘hc arczs: 3 Z#Slep 'I\E " :vc #Description = #Rationale 2 #Answer. X Missing reasoning steps

ind AD is a median of ...; #Step2: ... AE splits N A sl el ot
triangle ABD ...; #Step3: ... The area of triangle #Description = # Stepl = ... > #Step N tidnswer. X £

ABD is 12/ 2 = 6, ..., and the area of triangle i.Ressoninglogle. @@ 0
ABE is frac {6} {2} = 3. #The final answer is: 3. #Descnpnoné #Rationale 9$#Answer 2 #Stepl ... > #Step N. ' X

Step-wise Matching score: 3/6 #Description 7" # Step3 > #Rationale> ... > #Step 1 9' fidnswer X

\ J . lescece=s= I . )




R1-VL: Learning to Reason with Multimodal Large Language Models via Step-wise Group Relative Policy Optimization

Experimental Setup

-~ Base MLLMs:

- Qwen2-VL-2B

- Qwen2-VL-7B
Warm-up Dataset:
- Mulberry-260k

RL Training Data:
- Randomly sampled 10K data from Mulberry-260k

Evaluation Benchmarks (8 widely-used multimodal
benchmarks):

=> MathVista, MMStar, Math-Vision, ChartQA,
DynaMath, HallusionBench, MathVerse, MME

RL Parameters:

- Group size: 4 rollouts per question

- Sampling temperature: 1.2

- Maximum sequence length: 1024

- Learning rate: KL divergence coefficient: 0.04
- Hardware: 4 H100-80GB GPUs
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| Step-wise reasoning rewards |

Warm-up | St SoRVE ‘ MathVista
epRAR cp.
Results 58.2
v 61.2

Method MathVista MMStar Math-V ChartQA DynaMath HallBench MathVerse MME,,,,, MMReason AVG / ./ 62.4
Closed-Source Model
GPT-4o [15] 63.8 63.9 303 85.7 63.7 55.0 394 2329 21.1 56.2 / '/ 61.9
Claude-3.5 Sonnet [1] 677 622 - 908 648 550 i 1920 : v v v 63.5
Open-Source Model
Cambrain-1-8B [38] 49.0 - - 733 - - - - . R _
MM-1.5-7B [51] 416 i ) 786 i i ) 1861 Table 2. Ablation study of StepGRPO over Qwen2-VL-7B.
Idefics3-LLaMA3-8B [1£] 584 559 - 748 - ~ - 1937
1 VL2-8B 58.3 61.5 - 833 39.7 - - 2210 - - - .
VPN V-2.6.8B [45] w2 B T - . R1-VL Achieves SOTA Performance Among
DeepSeek-VL2-MOE-4.5B [43] 62.8 61.3 - 86.0 - - - 2253 11.5 .
Reasoning Model Reasonlng MLLMs
LLaVA-CoT-11B [44] 54.8 57.6 - - - 478 - - -
LLaVA-Reasoner-8B [55] 50.6 54.0 - 83.0 - - - -
Insight-V-8B [10] 498 574 - 774 - - - 2069 -
Mulberry-7B [46] 63.1 613 - 839 45.1 54.1 - 2396 11.8 - _ .. .
LlamaV-o0l-11B [37] sa4 594 - - - 63.5 i - - i Competitive Results Against General
Vision-R1-7B [14] 735 - - - - - 524 - - -
LMM-R1 [30] 63.2 58.0 26.3 - - - 41.5 - - - & Closed-SOu rce M LLMS
R1-ShareVL-7B [47] 754 67.0 205 - - - 52.8 - - -
Qwen2-VL-2B [41] 430 480 124 T35 249 417 19.7 1872 77 315
R1-VL-2B (Ours) 52.1 498 171 752 29.4 44.0 26.2 2048 83 416
Qwen2-VL-7B [41] 58.2 60.7 163 83.0 42.1 50.6 325 2327 11.9 48.7 _ . . .
R1-VL-7B (Ours) 635 600 247 839 452 54.7 400 2376 125 521 StepGRPO effectively improves complex reasoning
Qwen2.5-VL-7B [2] 68.2 63.9 25.1 87.3 53.2 52.1 49.2 2347 17.3 55.5 . .
R1-VL-7B* (Ours) 743 662 282 817 565 572 522 2395 179 584 tasks by reinforcing both the correctness of

Table 1. Main experimental results. To comprehensively examine the proposed StepGRPO, we conduct extensive experiments with two interm Ediate ste psS a nd the overaII |Ogica| structure

baseline models on eight benchmarks, and compare StepGRPO with various state-of-the-art MLLMs.* indicates that the model is trained
using Qwen2.5-VL-7B as the base model with the data from [47]. Of th e reason | ng process 7
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64
. Number of generations M per question O Acc (Ours) O Acc (SFT)
Analysis ' |
Method | 2 3 4 5 6 /
RI-VL-7B | 625 628 635 632  63.7 F 63 /
-
Table 3. Parameter analysis of M. The experiments are conducted g o i
on Qwen2-VL-7B over MathVista. 3 W
< 62
Method | MathVista
Warm-up 61.7 61
Warm-up + Outcome-level reward 62.3 100 200 300 400 500 600
Warm-up + Step-wise reward (Ours) 63.5 Training steps
Table 4. Effectiveness of the step-wise reasoning rewards. The Figure 3. Comparison between StepGRPO and SFT. The experi-
experiments are conducted on Qwen2-VL-7B over MathVista. ments are conducted on Qwen2-VL-7B over MathVista.

A larger M generally leads to better performance

—> A larger M results in a more stable and accurate baseline estimation,

whereas a small M may lead to high variance in baseline estimation, making the optimization process less reliable

The importance of process reward

—> Step wise rewards are more effective in enhancing MLLMSs reasoning capabilities, as they provide more fine-grained supervision and

largely mitigate the sparse reward issue
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Qualitative comparison

Question: Subtract all red things.
Subtract all tiny matte balls. How
many objects are left?

Correct answer: 5

Qwen2-VL-78:

First, identify the red objects in the image. There is 1 red object,
which is a small red sphere. X Incorrect reasoning

Mhen, subtract the red object from the total number of objects.
I There are 7 objects in total and s the 1 red object I
| leaves 6 objects. Identify the tiny matte in the image. There |

j are 2 tiny matte balls, which are the small n cylinder and the
| yan sphere. Subtract the tiny matte balls the remaining |
L°I.’.’°Ss'_ ................... 2

After subtracting the red object, there are 6 objects left.
Subtracting the 2 tiny matte balls leaves 4 objects. Answer: 4

Mulberry-78:

### Image Description: The image shows several 3D objects on a flat
surface. There are two red ob{em: a small red sphere and a larger
green cylinder. Other objects include a yellow cube, a green cylinder,
a blue cylinder, a purple cylinder, and a teal sphere.

### Rationales: The question asks to subtract all red things and all
tiny matte balls. We need to identify these objects in the image and
count the remaining ones.

#itH Let's think step by step.

### Step 1: Identify and count all red objects. There is one red
sphere. X Incorrect reasoning

###4 Step 3: Subtract the red objects and tiny matte balls from the
total number of objects: 7-1=6.

##4 The final answer is: 6

R1-VL-78 (Ours):

### Image Description:

The image shows a collection of 3D geometric objects on a flat
surface. There are various colored shapes, including a red sphere,
a yellow cube, a green cylinder, a blue cylinder, a purple cylinder,
and a cyan sphere.

### Rationales:

The question asks to subtract all red things and all tiny matte
balls, then determine how many objects are left, This involves
Ig:emifyim and counting specific objects based on their color and

#i# Let's think step by step.

#4# Step 1:

Identify and count all objects in the image. There are seven
objects: a yellow cube, a green cylinder, a blue cylinder, a purple
cylinder, a red sphere, and a cyan sphere.

#a# Step 2:

Subtract all red things. There is one red sphere.

#4¥ Step 3:

Subtract all tiny matte balls from the remaining objects. There is
one cyan sphere, which is matte and small.

#a4 Step 4:

Count the remaining objects after removing the red sphere and
the cyan sphere. d

### The final answer is: 5

Figure 4. Qualitative comparison.




SimPO: Simple Preference Optimization
with a Reference-Free Reward

NeurlPS 2024



SIimPO: Simple Preference Optimization with a Reference-Free Reward

Preliminary: Direct Preference Optimization (DPQO)
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Motivation
Training-Inference Discrepancy
- RS 22 A S BAOR A0 A2 NI &5 H82 2235
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if average_log_prob:
return (per_token_logps * loss_mask).sum{-1) / loss_mask.sum{-1)
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SimPO
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Setup

Table 2: Evaluation details for AlpacaEval 2 [55], Arena-Hard [54], and MT-Bench [99]. The baseline
model refers to the model compared against. GPT-4 Turbo corresponds to GPT-4-Preview-1106.

# Exs. Baseline Model Judge Model Scoring Type

AlpacaEval2 805  GPT-4 Turbo GPT-4 Turbo Pairwise comparison LC & raw win rate

Arena-Hard 500 GPT-4-0314 GPT-4 Turbo Pairwise comparison

MT-Bench 80 - GPT-4/GPT-4 Turbo Single-answer grading  Rating of 1-10
Method Ohbjective

RRHF [91]  max (u_ ~ 2y log mp(ylx) + £y log melu |IJ} - Alog ma(ye|z)

SLiC-HF [96] max (0,8 — log 7s(yw |z) + log 7s(m|x)) — Alog m(yu|x)

DPO [66] —laga(Smgg—;'ﬁf-;L jlag;';%l-ﬁl)

ol (e 2k -ios 22 - 1)’

CPO [88] ~ log o (3 log 7 (yu|x) — Slog me(w|x)) — Alog s (ye|x)

KTO[29]  ~Auo (Blog 28k — 2n) + Mo (e — Blog ZIEL) |
where zes = B, ) p [OKL (mo(y|x)||mees(wx))]

ORPO(42] -~ logpe(yulz) ~ Alogo (log p2olkelely — log p2eliel)
where py(y|z) = exp (H—; log ’fn{!.!|-f-])

R-DPO[64] ~logo (Jlm:—"*,{,—-;-— Blog 2L 4 (aly.| - rrlurl})

SimPO log o (_+ log me(yw|x) ﬁ log me(y|x) 'r)

Model 7
= Mistral / Llama3 Base & InstructAt&
- Base?| d<2 UltraChat200k 2 SFTE! ZEIO|A &8¢

= Instruct®| 2 A|THE off-the-shelf 2 AL

Training Data 7+
- SFT 292 571 S MY

N

- RME 7|Ht2Z rewardE 24 3,
HE WSS reject2E 714

—> on-policy 440 § 7tA==

=2 MEZ chosen,
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Result

Table 4: AlpacaEval 2 [55]. Arena-Hard [54], and MT-Bench [99] results under the four settings. - = C-II 37|LF & GIO|E{ A A I-_Tl_|-O-I o| B = Hiz|OF30ilA
LC and WR denote length-controlled and raw win rate, respectively. We train SFT models for Base S O = | I- g -" | 1 0" L BA I = = | I- 0'" -I
settings on the UltraChat dataset. For Instruct settings, we use off-the-shelf models as the SFT model. o ML
T OO
Method Mistral-Base (7TB) Mistral-Instruct (7B)
et
- X - MT- [ o
AlpacaEval 2 Arena-Hard  MT-Bench  AlpacaEval 2 Arena-Hard  MT-Bench :> MT BenCh El_‘_—” |. |:E|:|.=l__:|| O| I-%ICZ| DI_I-, L—__I %% :|0| l:l-l:l::t Arena'
LC(%) WR(%) WR(%) GPT4Turbo GPT4 LC(%) WR(%) WR(%) GPT-dTurbo GPT-4
SFT 84 62 1.3 4.8 63 17.1 147 12,6 6.2 7.5 Hardo1|k| Sim P07|- OE!_T|1_|-5| 7-|| =2 %%
RRHEF [91] 1.6 102 58 54 6.7 253 248 18.1 6.5 7.6
SLiC-HF [96] 109 89 73 5.8 74 241 246 18.9 6.5 7.8
DPO [66] 15.1 125 10.4 59 73 268 249 16.3 6.3 7.6
PO [6]) 11.8 9.4 715 55 7.2 203 203 16.2 6.4 7.8
CPO [88] 98 89 6.9 5.4 68 238 288 22.6 6.3 15 CrASH MBS U =0 ol = oolnl5t 340 2 o OI-A-I
KTO [29] 131 9.1 56 5.4 70 245 236 17.9 6.4 7.1 - ) o2 =o|cC ojo|st 2
ORPO[42] 147 122 7.0 5.8 73 245 249 20.8 6.4 7.7 Lt s o= 01 ’ I = I H 1' DPOE l l I- l
R-DPO [64] 174 128 8.0 59 74 273 245 16.1 6.2 1.5
SimPO 215 208 16.6 60 73 321 348 21.0 66 76 —> Reference 2&! Q0| ¢ ALust A2H0| 7t=
Llama-3-Base (8B) Llama-3-Instruct (8§B)
Method  lpacakval2 Arena-Hard MT-Bench  AlpacaEval 2 Arena-Hard MT-Bench
LC(%) WR(%) WR(%) GPT4Turbo GPT4 LC(%) WR(%) WR(%) GPT-4Turbo GPT4
SFT 62 4.6 33 5.2 6.6 260 253 223 6.9 8.1 - S C - o © L =L S
ojo] Z&et 2 (Instruct-tuned)E O E7[52 ts= ol 71¥ =
RRHF [91] 121 10.1 6.3 58 70 313 284 26.5 6.7 79
SLiC-HF [96] 123 13.7 6.0 6.3 76 269 275 26.2 6.8 8.1 —|I_z.|
DPO [66] 182 155 15.9 6.5 7.7 403 379 326 7.0 8.0 4
IPO [6] 144 142 17.8 6.5 74 356 356 30.5 7.0 8.3
CPO [88] 108 8.1 58 6.0 74 289 322 28.8 7.0 8.0
KTO [29] 142 124 125 6.3 78 331 318 26.4 6.9 8.2
ORPO [42) 122 106 10.8 6.1 76 285 274 258 6.8 8.0
R-DPO[64] 176 144 17.2 66 75 411 378 33.1 70 80

SimPO 220 203 234 6.6 77 447 405 338 7.0 8.0
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Ablation

Table 5: Ablation studies under Mistral-Base and Mistral-Instruct settings. We ablate each key design
of SimPO: (1) removing length normalization in Eq. (4) (i.e., w/o LN); (2) setting target reward

margin 7 to be 0 in Eq. (6) (i.e., v = 0).

Mistral-Base (7B) Setting

Mistral-Instruct (7B) Setting

Method

AlpacaEval 2 Arena-Hard  MT-Bench

AlpacaEval 2 Arena-Hard  MT-Bench

LC (%) WR (%) WR (%) GPT4 Turbo GPT4 LC (%) WR (%) WR (%) GPT4 Turbo GPT4
DPO 15.1 125 104 59 73 268 249 16.3 6.3 7.6
SimPO 215 208 16.6 6.0 73 3211 348 21.0 6.6 7.6
w/oLN 119 132 94 3.5 73 191 19.7 16.3 6.4 7.6
¥y=0 168 143 11.7 5.6 69 309 342 20.5 6.6 1.7
—_ 0 — 0
o~ i % t,"‘- A % %m,«-’_-
; i r ES -5 S g J‘-’TM
L 0 : H g
2 s 10 10
-0 arT = p=03 =@ 'p—_—(l_fQI
-200 —-100 0 100 200 300 h _l:.f.' 200 $00 600 S00 1000 h _l:li) 200 100 G600 S0 1000

Length diff. y.| — jwl

(a) Reward optimization.

Response length |y

(b) SimPO.

Response Jength |y|
(c) SimPO without LN.

LNO| #E& SimPOE ST 42| Z0| 2fojof| A |glo] 2E
o

ST 4ol chs Z2E| A Fol B4 ofS 24
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— 0l= 20| A|ti= St55tA|

16



SIimPO: Simple Preference Optimization with a Reference-Free Reward

The Impact of Target Reward Margin in SimPO

0.4 1.2
v = 0.0 ¥=00
.’vl),.i v=08 5 0.8 ¥=08
% 0.2 v = 1.6 Z ~v=1.6 /
0.1 y \ /
0.0 0.8 1.6 24 s 0 5 0 %6 -4 -2 0
Target Reward Margin v Reward diff. r(z, yu) — r{z, w) Avg. log prob. on winning pe(y.|z)
(a) Performance w/ different ~. (b) Reward diff. distribution. (c) Log prob. distribution.

Figure 3: Study of the margin ~y. (a) Reward accuracy and AlpacaEval2 LC win rate under different
~ values. (b) Reward difference distribution under different -y values. (c) Log likelihood distribution
on chosen responses under different «y values.
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In-Depth Analysis of DPO vs. SimPO

N DPO SimPO

metric

g prob. pylylx
x 1000

Av
Trainin
o
=
o
&
e

0 200 WO 600 ) 1000 P > B P < P Mastral- Bas Mistzal- Inntruct

Response length |y| Genetation metr

(a) Length correlation (DPO). (b) Contingency table (DPO).

Figure 4: Comparison between SimPO and DPO, measured on UltraFeedback. (a) Spearman

correlation between average log probability and response length for DPO. (b) Contingency table of

rankings based on DPO rewards and the average log likelihood (measured on the training set). (c)
Reward accuracy of DPO and SimPO.

(c) Reward Accuracy.
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(a) KL divergence w/ different 3. (b) Performance w/ different 3.  (c) Efficiency of DPO vs. SimPO.

Figure 5: Comparison between SimPO and DPO (continued). (a) With different 3 in DPO and
SimPO, KL divergence from the policy model to the reference model on y,,. (b) AlpacaEval2 LC
win rate of DPO and SimPO with different 3. (¢) Runtime and memory usage for DPO and SimPO.
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SIimPO: Simple Preference Optimization with a Reference-Free Reward

Thank you
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